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Introducción 
Los trabajos de investigación que conforman la presente Tesis Doctoral están 
encaminados a evaluar y analizar las oportunidades que ofrecen las técnicas de Teledetección 
para detectar rodales de malas hierbas crucíferas en estado fenológico tardío en cultivos de 
invierno usando imágenes aéreas y de satélite de alta resolución espacial, prestando especial 
atención a los avances que dichas técnicas aportan al manejo localizado de malas hierbas 
mediante agricultura de precisión.  
   Agricultura convencional vs Agricultura de Precisión  
 La agricultura convencional se ha definido como un sistema de producción en el que 
las labores y los insumos (dosis de siembra, fertilizantes, herbicidas, insecticidas, riego, entre 
otros) se aplican de forma uniforme en toda la extensión de la parcela, sin tener en cuenta la 
variabilidad espacial de los factores implicados en el manejo del cultivo. Esta forma de gestión 
de los sistemas agrícolas puede provocar la aparición de zonas infra-tratadas, en las que 
generalmente no se alcanzan los niveles óptimos de producción, y zonas sobre-tratadas, en las 
que se produce un gasto de insumos innecesario y un aumento potencial del deterioro 
medioambiental. Esta tendencia sigue manteniéndose actualmente y su principal objetivo es la 
obtención del máximo de producción a base de una alta tecnificación, aunque prestando 
escasa atención a la conservación de los recursos naturales (tales como suelo, agua y 
biodiversidad) sobre los que se sustenta (García-Olmedo, 1998). Este manejo intensivo de los 
cultivos ha dado lugar a problemas medioambientales como la erosión y salinización de suelos, 
agotamiento de la fertilidad, contaminación de suelos y acuíferos por plaguicidas y herbicidas, 
y drástica reducción de la biodiversidad (Srinivasan, 2006).  
 Desde finales del siglo XX la sociedad ha demandado el desarrollo de nuevas técnicas 
agrícolas que optimicen los recursos sin degradar el medio ambiente, buscando aumentar los 
beneficios económicos pero manteniendo un equilibrio entre agricultura productivista y 
exigencias medioambientales. En este contexto surge la agricultura de precisión como una 
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técnica de gestión de parcelas agrícolas que incorpora la variabilidad espacial inherente a los 
factores implicados en el rendimiento de los cultivos con el objetivo de realizar aplicaciones 
dirigidas o localizadas y en la dosis óptima de los insumos necesarios (semillas, riego, 
fertilizantes y fitosanitarios). Esta técnica persigue reducir costes, optimizar la producción 
agrícola, aumentar la rentabilidad para los productores y obtener beneficios ecológicos y 
ambientales (Robert, 2002). Está conceptualizada como un sistema orientado hacia una 
agricultura de bajos inputs, alta eficiencia y sostenibilidad (Shibusawa, 1998).  
La preocupación ambiental y económica antes mencionada ha dado lugar al 
Reglamento (CE) 1107/2009 para la Comercialización de Productos Fitosanitarios, dentro del 
cual se ha definido la Directiva 2009/128/CE para el Uso Sostenible de Plaguicidas, que recoge 
la legislación específica para los herbicidas. En ella se destacan como elementos clave “el 
fomento del bajo consumo (reducción de las aplicaciones) y la utilización de dosis adecuadas en 
función de las infestaciones de malas hierbas”. Esta Directiva ha sido recientemente traspuesta 
al Real Decreto 1311/2012 (BOE nº 223 del 15 de septiembre de 2012), en el que se establece 
el marco de actuación para conseguir un uso sostenible de los productos fitosanitarios, que va 
a tener una gran repercusión en la forma de acometer la gestión agrícola, con especial 
relevancia en el uso de herbicidas. 
 El desarrollo de la agricultura de precisión se ha hecho posible gracias a la emergencia 
de tecnologías entre las que cabe destacar los Sistemas de Posicionamiento Global (GPS), los 
Sistemas de Información Geográfica (SIG), micro-ordenadores, sistemas avanzados de 
procesamiento de información espacial, sensores de campo, programas informáticos y 
teledetección (Gibbons, 2000; Seelan et al., 2003). Este conjunto de herramientas permiten y 
mejoran la adquisición, el procesamiento y la utilización de información espacial de factores 
relacionados con el rendimiento del cultivo, tales como características del suelo, topografía del 
terreno, dosis de siembra, estrés hídrico y nutricional, o infestaciones de malas hierbas, entre 
otros (Bongiovanni y Lowenberg-Deboer, 2004), todos ellos esenciales para la gestión de las 
parcelas agrícolas mediante técnicas de agricultura de precisión. 
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 Existen dos enfoques para llevar a cabo esta práctica agrícola: tiempo real y mapas 
previos. En la agricultura de precisión basada en tratamientos en tiempo real, la detección, la 
toma de decisión y la actuación se realizan casi simultáneamente, cuando el vehículo que 
realiza la aplicación se mueve sobre la zona a tratar a una velocidad constante (Slaugher et al., 
2008). Por otro lado, la agricultura de precisión basada en mapas consiste en el desarrollo de 
una metodología robusta para la adquisición de los datos, su análisis y el diseño de las zonas 
de manejo para su posterior uso (López-Granados, 2011). Habría que incluir en este punto la 
existencia de un concepto intermedio en la agricultura de precisión basada en mapas, en el 
que la adquisición de información y su análisis es en tiempo real, pero la aplicación localizada 
se realiza en una posterior operación, y que se denomina “detección en tiempo real” 
(Tellaeche et al., 2008). Esta Tesis Doctoral está englobada dentro de las técnicas de 
agricultura de precisión basada en mapas previos, con el fin de utilizarlos a diferentes escalas 
de manejo. Existe numerosa bibliografía sobre la generación de mapas con la precisión y 
antelación suficientes de muy diversos parámetros de interés agronómico, como necesidades 
hídricas o de nutrientes, mapas de infestación de malas hierbas o cosecha del cultivo, entre 
otros (López-Granados et al., 2004; Peña-Barragán et al., 2010; Nahry et al., 2011). 
   Teledetección. Conceptos y aplicaciones en Agricultura de Precisión  
Una de las herramientas más potentes y robustas para la obtención de información 
espacial de variables agronómicas y la elaboración de mapas es la tecnología basada en la 
teledetección (en inglés, remote sensing) (Thompson et al., 1991; Stafford y Miller, 1993; Lee 
et al., 2010). La teledetección permite obtener información sobre un objeto, área o fenómeno 
a través del análisis de los datos adquiridos por un sensor que no está en contacto con el 
mismo, conocido como sensor remoto, mediante mediciones de la energía electromagnética  
reflejada o emitida por estos objetos o fenómenos de interés (Chuvieco, 2002). La base de la 
teledetección radica en que cada cuerpo presenta un patrón de energía reflejada propio y 
diferente, conocido como firma espectral, que lo distingue del resto de materiales (Chuvieco y 
Huete, 2010). La curva de reflectancia de una planta (o cultivo) está directamente relacionada 
con sus características fenológicas, fisiológicas y morfológicas (Schmidt y Skidmore, 2003). 
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Estas diferencias de comportamiento espectral intrínseco de cada especie son las que 
permiten su discriminación y mapeo mediante técnicas de análisis y clasificación digital (Lamb 
y Brown, 2001). Recientemente, las imágenes procedentes de sensores próximos (o terrestres) 
instalados en cosechadoras, tractores o robots autónomos también se consideran 
teledetección (en inglés, proximal sensing) dado que estos sensores tampoco entran en 
contacto con el objetivo a estudiar (Burgos-Artizzu et al., 2011; Guijarro et al., 2011).  
 Tanto los sensores próximos como los remotos se caracterizan fundamentalmente 
por su resolución, ya que de ésta depende la cantidad y calidad de la información registrada. 
La resolución de un sensor es, en términos generales, la habilidad que éste presenta para 
discriminar información de detalle relativa al objetivo del estudio y al entorno geográfico que 
se está abordando. En teledetección aplicada a agricultura de precisión se pueden destacar 
dos tipos de resolución: espacial y espectral. La resolución espectral se refiere al número y 
anchura de las bandas espectrales que puede discriminar el sensor. Según dicha resolución 
cabe distinguir entre imágenes multiespectrales, que normalmente guardan la información 
entre 3 y 7 bandas de unos 100 nm de ancho de distintas regiones del espectro 
electromagnético, e hiperespectrales, que adquieren la información en varias decenas e 
incluso centenas de bandas estrechas con longitudes de onda < de 5 nm de ancho. Por su 
parte, la resolución espacial indica las dimensiones del objeto más pequeño que puede ser 
detectado.  
Para elaborar los mapas de distribución de variables agronómicas se han utilizado 
datos adquiridos desde plataformas terrestres, aéreas o de satélite (Song et al., 2009; 
López-Granados, 2011) en función de la variable analizada, la superficie a estudiar y el objetivo 
final perseguido. Así, la teledetección se ha utilizado para cartografiar variables agrícolas como 
necesidades nutricionales, deficiencias hídricas, estado fitosanitario de los cultivos, daños 
causados por plagas, localización de plantas invasoras  o de malas hierbas y seguimiento de 
cosechas, con el fin de realizar actuaciones de forma precisa y localizada en los cultivos. En los 
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  Teledetección y control localizado de malas hierbas 
Los gastos en fitosanitarios en la Unión Europea ascendieron en 2009 a 7.964 M €, de 
ellos 3.316 M € correspondieron a  herbicidas frente a los 3.935 M € de insecticidas y 
fungicidas juntos  (www.aepla.es). Es decir, un 42 % del gasto de fitosanitarios está 
destinado a herbicidas. Por lo tanto, las técnicas de agricultura de precisión aplicadas al 
control localizado de malas hierbas (en inglés, site specific weed management) tienen una 
amplia justificación con el fin de realizar una optimización del uso de herbicidas.  
El control localizado de malas hierbas sólo tiene sentido si éstas presentan 
dependencia espacial, es decir, si se distribuyen en agregados, existiendo zonas sin infestación 
y zonas en las que puede haber mayor o menor densidad de malas hierbas (Bakhsh et al., 
2000). En estas áreas se podrían utilizar aplicaciones localizadas a diferentes dosis 
dependiendo de dicha densidad. Cuando no existe dependencia espacial, las actuaciones 
localizadas no pueden llevarse a cabo y la parcela ha de considerarse como un todo (Pierce y 
Nowak, 1999). En numerosos estudios se ha comprobado que las poblaciones de malas hierbas 
tienen alta dependencia espacial y se distribuyen a lo largo de las líneas del cultivo (Gerhards y 
Christensen, 2006) y/o formando rodales (Marshall, 1988; Thornton et al., 1991; Cardina et al., 
1997; Gerhards et al., 2002; Jurado-Expósito et al., 2003; Nordmeyer, 2009). Ello hace factible 
la discriminación de malas hierbas y la elaboración de mapas de tratamiento precisos a través 
de técnicas de teledetección para realizar las aplicaciones en el momento oportuno, 
reduciendo y optimizando la cantidad de herbicida requerida (Lamb y Brown, 2001; Thorp y 
Tian, 2004; Brown y Noble, 2005; Lee et al., 2010).  
La discriminación de las malas hierbas mediante teledetección puede abordarse según 
dos aproximaciones metodológicas diferentes: considerando las malas hierbas en estado 
fenológico temprano (desde el estado de plántula hasta 2 - 4 hojas verdaderas; en ingles early 
weed detection) o en estado fenológico tardío (desde el inicio de la floración o inicio de 
senescencia; en ingles late weed detection). La detección en estado fenológico temprano de 
las malas hierbas demanda sensores de muy alta resolución espacial, ya que en ese estado de 
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crecimiento las malas hierbas y el cultivo presentan firmas espectrales y apariencia similares, 
las malas hierbas se suelen distribuir en rodales pequeños y, dado que el cultivo aún no ha 
cubierto las zonas entre-hileras, la reflectividad del suelo suele interferir en la detección 
(Thorp y Tian, 2004). La alternativa a la detección en estado fenológico temprano es la 
detección en estado fenológico tardío, cuando el suelo está totalmente cubierto y las 
diferencias espectrales entre las malas hierbas y el cultivo pueden ser cuantificables, ya que 
suelen tener una maduración diferencial (López-Granados 2011). Estos estudios suelen ir 
acompañados de la necesidad de caracterizar el momento y las longitudes de onda más 
adecuados para aumentar la probabilidad de discriminar las malas hierbas presentes en el 
cultivo, utilizando las firmas espectrales tomadas con espectrorradiómetro de campo  y 
análisis complejos de gran robustez como las Redes Neuronales (Gómez-Casero et al., 2010). 
La detección de malas hierbas en estados fenológicos tardíos tienen varias ventajas 
fundamentales; por un lado, la resolución espacial necesaria es menor que para la detección 
de malas hierbas en estados fenológicos tempranos, lo que permite utilizar tanto imágenes 
aéreas procedentes de aviones convencionales (resoluciones espaciales submétricas), para 
llevar a cabo estudios en campos individuales, es decir a escala parcela, como imágenes de 
satélite de alta resolución espacial, p.ej. QuickBird (tamaño de pixel 2,4 m en multiespectral), 
que posibilita estudios de infestaciones de malas hierbas en superficies mayores (decenas de 
km²), es decir a escala comarcal. Ambos tipos de imágenes están disponible en la mayor parte 
de países, existiendo empresas que realizan vuelos con aviones convencionales y otras que 
comercializan imágenes de satélites multiespectrales, lo que permite la toma de imágenes 
para llevar a cabo la detección en estados fenológicos tardíos. Además, presentan un menor 
coste que las imágenes hiperespectrales, que podrían ser necesarias para llevar a cabo 
estudios de detección en estado fenológico muy temprano (plántula). Por otro lado, la 
detección en estados fenológicos tardíos ofrece la posibilidad de generar mapas para realizar 
aplicaciones localizadas de herbicidas en post-emergencia tardía, es decir, en la misma 
campaña agrícola en que se han tomado las imágenes, además de poder diseñar estrategias de 
control localizado en pre-emergencia para próximas campañas agrícolas. Ello es factible 
porque los rodales de malas hierbas son estables y persistentes en el tiempo, permitiendo que 
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los mapas de malas hierbas de un año se pueden utilizar en campañas posteriores (Barroso et 
al., 2004; Jurado-Expósito et al., 2004, 2005; Heijting et al., 2007).  
   Importancia de las infestaciones de las malas hierbas crucíferas en cultivos de invierno 
En prospecciones llevadas a cabo en zonas de la campiña de Córdoba y Sevilla por el 
Grupo de las Dras. Jurado-Expósito y López-Granados (codirectoras de esta Tesis Doctoral) se 
comprobó que más del 65% de los cultivos de invierno estaban infestados con malas hierbas 
crucíferas, principalmente Diplotaxis spp. (generalmente D. virgata Cav. DC. y D. muralis L. DC.) 
y Sinapis spp. (generalmente S. arvensis L. y S. alba L.). Las infestaciones de estas malas hierbas 
causan grandes pérdidas en cultivos de invierno, como trigo (Beres et al., 2010) y leguminosas, 
p.ej. lentejas (McDonald et al., 2007) y guisantes (Miller et al., 2006). Las graves infestaciones 
de crucíferas son generalmente debidas a que los herbicidas utilizados en pre-siembra y 
pre-emergencia no realizan un adecuado control. Actualmente hay disponibilidad de 
herbicidas específicos para la post-emergencia en cereal, sin embargo no hay herbicidas de 
estas características para los cultivos de leguminosas, por lo que en éstos las malas hierbas 
crucíferas deben ser eliminarlas mediante escarda manual o laboreo. Por otro lado, la mayoría 
de cultivos de la zona mediterránea están siendo transformados a sistemas de no laboreo o 
laboreo reducido para disminuir los problemas de erosión, lo que también está contribuyendo 
a aumentar la distribución de las infestaciones de estas malas hierbas. Lo anterior debe 
sumarse a la circunstancia de que en los últimos años, las leguminosas de invierno para 
consumo humano están siendo introducidas en la rotación trigo-girasol, uno de los principales 
sistemas de rotación de cultivos de España. Así lo demuestra el hecho de que la superficie 
destinada al cultivo de guisantes creciera en 2010, desde 9.000 ha a 201.000 ha, de las que 
10.000 ha estaban localizadas en Andalucía, principalmente en las provincias de Córdoba y 
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   Objetivos de la Tesis Doctoral 
Por todo lo recogido anteriormente, el objetivo general de esta Tesis Doctoral ha sido 
desarrollar una metodología robusta y precisa para la detección de rodales de malas hierbas 
crucíferas en estado fenológico tardío en cultivos de invierno (trigo, habas y guisantes), 
mediante la aplicación de técnicas de teledetección en imágenes aéreas y en imágenes de alta 
resolución espacial del satélite QuickBird, que permita la planificación de estrategias de control 
localizado en situaciones de post-emergencia en la misma campaña y/o de pre-emergencia en 
sucesivos años. Este objetivo general se ha desarrollado a través de los siguientes objetivos 
específicos: 
1. Medir la firma espectral de trigo, habas y malas hierbas crucíferas (principalmente 
Diplotaxis spp. y Sinapis spp.) mediante el empleo de espectrorradiómetro de 
campo y analizar estadísticamente los datos hiperespectrales y multiespectrales 
obtenidos para seleccionar las longitudes de onda, bandas e índices de vegetación 
así como el momento más adecuado para la discriminación entre el cultivo y las 
malas hierbas. 
2. Evaluar el uso de imágenes aéreas para elaborar mapas de infestación de rodales 
de Diplotaxis spp. y Sinapis spp. en estado fenológico tardío en cultivos de invierno 
mediante técnicas de teledetección y desarrollar mapas de manejo localizado para 
su uso en agricultura de precisión. 
3. Evaluar las posibilidades y limitaciones del uso de imágenes multiespectrales de 
satélite de alta resolución espacial (QuickBird) para discriminar y mapear rodales 
de Diplotaxis spp. y Sinapis spp. en cultivos de trigo, y elaborar mapas de 
tratamientos localizados tanto a escala parcela como a escala comarcal. 
La Tesis Doctoral está estructurada en cinco capítulos: 
El capítulo 1 recoge los principales conceptos que se desarrollan en la presente Tesis 
Doctoral para la elaboración de mapas previos, una descripción de los conceptos básicos 
 Introducción 
 
A.I. de Castro Megías                                                                         - 11 - 
 
referidos a la teledetección aplicada a la agricultura de precisión, así como una amplia Revisión 
Bibliográfica sobre los mismos y del estado actual de las investigaciones en estos campos. En 
los tres capítulos siguientes se presentan los artículos que forman el núcleo de esta Tesis 
Doctoral y que ya han sido publicados o aceptados en revistas internacionales de alto impacto 
científico.  
En el capítulo 2 se describe el estudio de las firmas espectrales de las malas hierbas 
crucíferas en cultivos de invierno en varias localidades y en diferentes años, que corresponde 
al artículo: “de Castro, A.I., Jurado-Expósito, M., Gómez-Casero, M.T. y López-Granados, F. 
(2012). Applying Neural Networks to Hyperspectral and Multispectral Field Data for 
Discrimination of Cruciferous Weeds in Winter Crops. The Scientific World Journal, 1–11”. DOI: 
10.1100/2012/630390. 
El capítulo 3 recoge los trabajos llevados a cabo para la clasificación y mapeo de las 
malas hierbas crucíferas empleando imágenes aéreas a escala parcela y que están publicados 
en el artículo: “de Castro, A.I., Jurado-Expósito, M., Peña-Barragán, J.M. y López-Granados, F. 
(2012). Airborne multi-spectral imagery for mapping cruciferous weeds in cereal and legume 
crops. Precision Agriculture, 13, 302–321”. DOI: 10.1007/s11119-011-9247-0. 
El capítulo 4 detalla la metodología y los resultados obtenidos para discriminar los 
rodales de malas hierbas crucíferas y elaborar mapas de tratamientos localizados utilizando 
imágenes del satélite QuickBird, a escala parcela y a escala comarcal, que se recogen en el 
artículo: “de Castro, A.I., López-Granados, F. y Jurado-Expósito, M. (2013). Broad-scale 
Cruciferous Weed Patch Classification in Winter Wheat using QuickBird Imagery for In-Season 
Site-Specific Control. Precision Agriculture. Aceptado”. DOI: 10.1007/s11119-013-9304-y.  
Por último, en el capítulo 5 se enumeran las conclusiones generales obtenidas de los 
trabajos anteriormente descritos acerca de la viabilidad del uso de la teledetección para la 
discriminación y clasificación de las firmas espectrales, así como de los rodales de malas 
hierbas crucíferas a diferentes escalas, con el fin de generar los mapas de tratamiento 
localizado necesarios para un control sostenible, a tiempo y eficiente de dichas malas hierbas. 
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Revisión bibliográfica 
En este apartado se recogen los principales conceptos que se desarrollan en esta Tesis 
Doctoral  en el campo de la teledetección agraria para la generación de mapas previos con el 
fin de utilizarlos a diferentes escalas de manejo mediante técnicas de agricultura de precisión.  
Asimismo, se mencionan los trabajos de investigación más recientes y relevantes que se han 
consultado para definir la metodología y elaborar la discusión de los resultados. 
1. Fundamentos de Teledetección  
La teledetección consiste en la observación remota de la superficie terrestre y la 
captura de imágenes mediante un sistema sensor acoplado a un satélite espacial, a un vehículo 
aeroportado (avión o vehículo aéreo no tripulado, Unmanned aerial vehicles, UAV) o a una 
plataforma terrestre (cosechadoras, tractores o robots autónomos), y el posterior tratamiento 
y análisis de las imágenes para obtener información sobre un objeto, área o fenómeno de 
interés. 
Los sensores se caracterizan por su resolución, definida como la habilidad que éstos 
presentan para discriminar información de detalle relativa al objetivo y al entorno geográfico 
que se está abordando (Estes y Simonett, 1975). Existen cinco tipos de resoluciones: 1) 
resolución espectral, indica el número y la anchura de las bandas espectrales que puede 
discriminar el sensor, distinguiendo entre imágenes multiespectrales, (capturan información 
entre 3 y 7 bandas) e hiperespectrales (captan información en varias decenas o centenas de 
bandas estrechas); 2) resolución radiométrica, indica la sensibilidad del sensor y su capacidad 
para detectar variaciones en la radiancia espectral que recibe, cuando la radiación recibida se 
transforma a valores digitales, esta resolución es el número de valores que se incluyen en el 
rango de datos; 3) resolución temporal, es la periodicidad con que el sensor adquiere datos 
sobre una misma zona; 4) resolución angular, es la capacidad de un sensor para observar la 
misma zona desde distintos ángulos; y 5) resolución espacial, indica el nivel de detalle que 
ofrece la imagen, esto es, las dimensiones del objeto más pequeño que puede ser distinguido 
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en la misma. Así por ejemplo, en imágenes aéreas tomadas desde aviones convencionales se 
pueden alcanzar resoluciones submétricas, dependiendo de la altura de vuelo (p. ej., 25 cm 
píxel),  y métricas, como es el caso de imágenes multiespectrales tomadas desde satélites de 
alta resolución espacial, como Geo-Eye (1,64 m píxel) o QuickBird (2,4 m píxel).  
La utilización de sensores remotos aplicados a la agricultura comenzó en la década de 
los años 60-principios de los 70 con el uso de fotografías aéreas para monitorizar cultivos 
(Lamb y Brown, 2001). Sin embargo, los primeros trabajos destinados a la detección de malas 
hierbas utilizando este tipo de imágenes se remontan a la década de los años 80 (Menges et 
al., 1985; Everitt et al., 1987). En estos trabajos se abordó la discriminación de malas hierbas 
invasoras o venenosas para el ganado en ecosistemas agrarios y forestales. La teledetección 
espacial se inició con el lanzamiento del satélite Landsat en 1972, seguido del satélite SPOT en 
1986. Pero es el satélite IKONOS-2, en 2000, con  1 m de resolución espacial para las imágenes 
pancromáticas y de 4 m para las multiespectrales, con el que comienza la disponibilidad de 
imágenes de alta resolución espacial para aplicaciones civiles (Brown y Noble, 2005; Cánovas-
García, 2012), posibilitando la compra y distribución pública para fines privados y de 
investigación. Con el aumento de satélites destinados a la toma y venta de imágenes ha 
crecido el número de países donde están disponibles estas imágenes a la vez que ha ido 
disminuyendo su precio.  Actualmente, son las imágenes de los satélites QuickBird y GeoEye, 
las que ofrecen una mayor resolución espacial, de 2,4 m y 1,64 m de pixel, respectivamente, 
que permiten diseñar mapas a diferentes escalas de manejo, tanto en campos individuales 
como en comarcas enteras  mediante técnicas de agricultura de precisión, con los que poder 
realizar aplicaciones localizadas de herbicidas (Everitt et al., 2008). Por otro lado, la reciente 
aparición de los vehículos aéreos no tripulados (UAV) se presenta como una herramienta de 
gran potencial para aplicaciones de agricultura de precisión a nivel parcela (Schmale et al., 
2008), ya que trabajan con total autonomía, incluso en días nublados, permitiendo programar 
vuelos en momentos críticos del cultivo, y ofrecen imágenes de muy alta resolución espacial, 
variable con la altura de vuelo, llegando a tamaños de píxel milimétrico. Aunque actualmente 
cuentan con la limitación de capturar una reducida superficie debido a la escasa autonomía de 
sus baterías  (López-Granados, 2011); si bien, es una tecnología en constante evolución, siendo 
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uno de los objetivos perseguidos aumentar dicha autonomía para permanecer más horas en 
vuelo y con ello capturar más superficie.  
La elección del sensor dependerá, por tanto, de la variable analizada, de la superficie a 
estudiar y del objetivo final perseguido (Gibson et al., 2004; Shaw, 2005; Laffan, 2006). El 
acierto en la combinación de dichos factores dará lugar a que el resultado del estudio sea 
válido científica y técnicamente.  
Así, por ejemplo, Gray et al. (2008) evaluaron la capacidad de discriminación entre 
suelo, soja y seis especies de malas hierbas en varias fechas con imágenes multiespectrales de 
alta resolución espacial (píxel < 0,5 m) adquiridas con aviones convencionales, obteniendo 
resultados más precisos a medida que las malas hierbas iban creciendo. Sin embargo, no fue 
posible la discriminación entre especies de malas hierbas, siendo necesaria la adquisición de 
imágenes con mayor resolución espacial y/o espectral para poder llevar a cabo este objetivo. 
Peña-Barragán et al. (2012) discriminaron plántulas de malas hierbas en cultivos de maíz 
utilizando vehículos aéreos no tripulados con resoluciones espaciales ≤ 2 cm.  
La teledetección ha sido ampliamente usada en diversos ámbitos de la agricultura, por 
ejemplo para cartografiar variables agrícolas como necesidades nutricionales (Schumann, 
2010; Schmit et al., 2011), deficiencias hídricas (Yang et al., 2010), estado fitosanitario de los 
cultivos (Feng et al., 2010; Jing et al., 2010) o daños causados por plagas (Du et al., 2008; Lan 
et al., 2009), para la localización de plantas invasoras (Lass et al., 2005; Wang et al., 2008) o de 
malas hierbas (Yu et al., 2006; Peña-Barragán et al., 2007; López-Granados et al., 2008; Peña-
Barragán et al., 2010) y para el seguimiento de cosechas (Chaudhari et al., 2010; Huang et al., 
2011). Estos trabajos perseguían realizar actuaciones de forma precisa y localizada en los 
cultivos. Para la elaboración de mapas de distribución de malas hierbas en cultivos se han 
utilizado datos adquiridos desde plataformas terrestres, aéreas o de satélite (Song et al., 2009; 
López-Granados, 2011). Los aviones convencionales han sido hasta la fecha una de las 
herramientas más ampliamente utilizadas para este fin ya que presentan alta resolución 
espacial, relativamente bajo coste y flexibilidad temporal en la adquisición (Yang et al., 2008; 
Lee et al., 2010). Así, imágenes aéreas en color y/o falso color han sido utilizadas para detectar 
 Capítulo I 
 
- 22 –                                                                                                                              Tesis Doctoral 
 
diferentes especies de malas hierbas en cultivos de zanahorias, algodón, sorgo y col (Menges 
et al., 1985), en colza (Lamb y Weedon, 1998), remolacha, trigo y lino (Häuser y Nordmeyer, 
2003; López-Granados et al., 2006; Hamouz et al., 2008) o en girasol (Peña-Barragán et al., 
2007; Gutiérrez-Peña et al., 2008). También han sido empleadas para diseñar mapas de 
prescripción de malas hierbas de hoja estrecha (Setaria viridis (L.) Beauv. y Elytrigia repens (L.) 
Nevski.) y de hoja ancha (Taraxacum officinale Weber. y Chenopodium álbum L.) en cultivos de 
maíz (Brown y Steckler, 1995) y para modelizar la distribución espacial de densidades de 
diferentes especies de malas hierbas en cultivos de soja (Bajwa y Tian, 2001; Gibson et al., 
2004; Gray et al., 2008).   
Las imágenes de satélite de alta resolución espacial, como QuickBird o IKONOS, 
también han sido muy útiles para determinar de forma precisa variables agronómicas, 
ecológicas y forestales (Chubey et al., 2006; Yang et al., 2006; Mallinis et al., 2008; Everitt et 
al., 2008; Lee et al., 2010; López-Granados, 2011). Estas imágenes se han utilizado 
principalmente en la detección y cartografía de poblaciones de especies invasoras, como malas 
hierbas acuáticas en canales navegables (Jakabauskas et al., 2002), Euphorbia esula L. en 
pastizales (Casady et al., 2005; Weber et al., 2006), Arundo donax L. en agroecosistemas y 
zonas de ribera (Everitt et al., 2005; Yang et al., 2009; 2011) o Eupatorium adenophorum 
Spreng. en zonas forestales y agropecuarias (Qu et al., 2011). Recientemente, estas imágenes 
de alta resolución espacial han permitido la detección y mapeo de rodales de malas hierbas en 
diferentes cultivos, como Cirsium arvense L. en remolacha (Backes y Jacobi, 2006), Avena 
sterilis L. en estado fenológico tardío en cebada (Martín et al., 2011) y en trigo (Castillejo-
González, 2010). La ventaja de estas imágenes es que permiten llevar a cabo estudios en dos 
escalas diferentes: en un solo campo, que permitirá un manejo a escala parcela; y en toda la 
imagen, ya que al cubrir una gran superficie, p.ej. 105 km2 para el caso de QuickBird, es posible  
realizar estrategias de manejo a escala comarcal, ofreciendo la posibilidad de una gestión 
coordinada y localizada de herbicidas que genere beneficios colectivos cuando las imágenes 
son adquiridas por asociaciones de agricultores o empresas de servicios (Swinton, 2005). 
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Las imágenes capturaras por estos sensores se someten a un procesamiento digital en 
el que se analiza el comportamiento espectral de cada pixel o unidad básica de estudio en las 
distintas regiones del espectro electromagnético en el que se ha registrado información.  
2. Firmas Espectrales y Espectrorradiometría  
La firma espectral de una superficie u objeto es una medida cuantitativa de la energía 
que refleja en cada longitud de onda del espectro electromagnético. Cada superficie u objeto 
tiene unas características espectrales propias y diferenciadoras, por lo que conocer la firma 
espectral o curva de reflectancia de cada elemento presente en una imagen es fundamental 
para su posterior clasificación con técnicas de teledetección. En el caso de la vegetación la 
curva de reflectancia varía en función de la fenología (Schmidt y Skidmore, 2003). Este aspecto 
facilita la discriminación entre cultivos y malas hierbas, ya que suelen presentar una 
maduración diferencial en el tiempo, mostrando características fenológicas diferentes en una 
misma situación temporal. Este es el caso, por ejemplo, de las malas hierbas crucíferas en 
cultivos de invierno, como el trigo o las leguminosas, que cuando la mala hierba ha alcanzado 
su estado de floración, presentando un color amarillo, el cultivo aún está en estado vegetativo, 
manteniendo un color verde intenso.  
La vegetación vigorosa se caracteriza por una firma espectral con reducida reflectancia 
en el espectro visible y con un máximo relativo en la banda verde debido a que los pigmentos 
presentes en la hoja muestran diferentes características de absorción. Así mismo, presenta 
una elevada reflectancia en el infrarrojo cercano, que se reduce paulatinamente hacia el 
infrarrojo medio debida a la propia estructura de la planta. De esta manera, el mayor contraste 
en cubiertas vegetales se produce entre la región del espectro visible (generalmente en la 
banda roja) y del infrarrojo cercano, por lo que en las imágenes remotas se podrá observar 
este mayor contraste entre ambas regiones cuanto mayor sea el vigor de la vegetación. En 
cambio, los suelos desnudos tienen generalmente una respuesta espectral más uniforme que 
la vegetación, con una curva de reflectancia ligeramente ascendente a lo largo del espectro 
visible e infrarrojo cercano, dependiente de factores como la composición química, textura, 
estructura y contenido de humedad del suelo (Asner, 1998; Ben-Dor et al., 2008). 
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Las firmas espectrales se miden en campo con espectroradiómetros portátiles, que 
registran la señal reflejada por las distintas cubiertas. Al igual que ocurre con los sensores 
captadores de imágenes, los espectrorradiómetros presentan diferentes resoluciones 
espectrales, dividiéndose en multiespectrales e hiperespectrales. Estos últimos presentan 
cientos de longitudes de onda continuas y muy estrechas, normalmente inferiores a 10 nm de 
anchura, mientras que los primeros toman datos de 3 a 7 bandas de mayor anchura. Por esto, 
los espectrorradiómetros hiperespectrales permiten detectar variaciones pequeñas o locales 
de las características de absorción que serían enmascarados dentro de una banda más ancha 
recogida por un sistema multiespectral (Schmidt y Skidmore, 2003; Koger et al., 2004). En los 
trabajos presentados en esta Tesis Doctoral se ha utilizado el espectrorradiómetro de campo 
HandHeld FieldSpec de la empresa Analytical Spectral Devices, Inc. (ASD). Este 
espectrorradiómetro mide un espectro continuo de 512 bandas de aproximadamente 1,5 nm 
de anchura cada una, desde el dominio de longitud de onda de 325 nm (región ultravioleta) 
hasta los 1075 nm (región infrarrojo cercano) (más información en ASD, 2012). 
El espectro de reflectancia de una cubierta se obtiene a partir de la reflectividad 
relativa de la muestra respecto a la medida en un panel de referencia (blanco de referencia, 
compuesto de sulfato de bario, con máxima reflectividad en las longitudes de onda del 
ultravioleta, visible e infrarrojo, llamado Spectralon). Para obtener la reflectividad absoluta es 
necesario conocer la curva de reflectancia del panel de referencia, multiplicándose el espectro 
relativo por dicha curva. En el espectroradiómetro usado en esta Tesis Doctoral, se puede 
configurar la captura de reflectividad absoluta durante la toma de datos. Una amplia 
descripción de los conceptos básicos sobre espectrorradiometría y del procedimiento para el 
uso y cuidado del instrumental se puede consultar en el manual de Salisbury (1999). 
Como paso previo a la discriminación de malas hierbas en cultivos mediante técnicas 
de teledetección, es necesario el estudio y análisis de las firmas espectrales del cultivo y de la 
mala hierba con objeto de determinar qué tipo de imágenes o sensor utilizar, el momento 
óptimo de la adquisición de las imágenes y qué longitudes de ondas o bandas son las más 
adecuadas en cada caso.  
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Las firmas tomadas con sensores hiperespectrales recogen información en cientos de 
longitudes de onda que resultan difíciles de procesar, siendo necesario determinar cuáles de 
estas longitudes son más útiles para los posteriores estudios de discriminación entre malas 
hierbas y cultivos (Thenkabail et al., 2000). Para reducir esta gran cantidad de datos, 
manteniendo la información importante relativa al objetivo que se pretende discriminar, se 
han utilizado diversos métodos estadísticos, como análisis discriminante, análisis de 
componentes principales, árboles de decisión o redes neuronales, entre otros. Así, por 
ejemplo, Gómez-Casero et al. (2010), empleando técnicas de análisis discriminante con firmas 
espectrales obtenidas en campo, que cubrían el espectro desde el rango del visible hasta el 
infrarrojo cercano, redujeron a 13 las longitudes de onda necesarias para obtener óptimas 
discriminaciones de malas hierbas de hoja estrecha (Avena sterilis L. y Phalaris spp.) en fase 
avanzada de trigo.  Karimi et al. (2005b) utilizaron árboles de decisión y análisis discriminante 
para determinar las longitudes de onda que mejor discriminaban las firmas de maíz bajo 
diferentes técnicas de manejo de malas hierbas y aplicaciones de nitrógeno, mostrando los 
resultados que, para el factor de malas hierbas, únicamente 15 y 26  de las 72 longitudes de 
onda del avión Compact Airborne Spectragraphic Imager (CASI) eran significativas en las 
diferentes fechas estudiadas cuando se emplearon técnicas de análisis discrimínate; y de 6 y 4 
para las mismas situaciones cuando fueron utilizados los árboles de decisión. Otros autores 
han obtenido resultados similares empleando redes neuronales, así p.ej., Nieuwenhuizen et al. 
(2010) discriminaron Solanum tuberosum L. en remolacha azucarera utilizando las longitudes 
de onda seleccionadas con dichas técnicas.  
Otros autores han utilizado las firmas hiperespectrales para comprobar si realmente es 
necesaria una resolución espectral tan elevada o pueden reducirse a un número menor de 
bandas, de tal modo que en vez de sensores hiperespectrales fuesen suficientes datos 
obtenidos con sensores multiespectrales de alta resolución espacial para la discriminación 
entre especies de malas hierbas y cultivos. Smith y Blackshaw (2003) llevaron a cabo un 
estudio de discriminación de varias especies de malas hierbas en trigo y colza utilizando tanto 
datos hiperespectrales como multiespectrales que simulaban las seis bandas del satélite Lansat 
con el objetivo de determinar la capacidad de ambos tipos de datos para diferenciar estas 
especies. Los resultados obtenidos con el análisis discriminante mostraron que las distintas 
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especies de malas hierbas y los dos cultivos fueron correctamente identificadas con 
precisiones del 90 % para los datos hiperespectrales y del 89 % para los multiespectrales, 
concluyendo que, aunque la discriminación de estas malas hierbas era ligeramente más precisa 
con los datos hiperespectrales, la identificación era excelente con datos multiespectrales. Por 
su parte, López-Granados et al. (2008) evaluaron el potencial de discriminar cuatro malas 
hierbas de hoja ancha (Lolium rigidum Gaudin.,  Avena sterilis L., Phalaris brachystachys Link. y 
Polypogon monspeliensis (L.) Desf.) en trigo usando datos multiespectrales correspondientes al 
ancho de banda de satélites comerciales, como IKONOS o QuickBird, a partir de firmas 
adquiridas con un espectrorradiómetro hiperespectral. Las firmas tomadas en campo fueron 
analizadas empleando diversas técnicas de análisis discriminante y redes neuronales. Los 
resultados fueron muy satisfactorios con ambas técnicas, incluso separando las distintas 
especies de malas hierbas de forma individual, concluyendo que el uso de imágenes de satélite 
de alta resolución espacial ofrece un elevado potencial para mapear estas malas hierbas en 
cultivos de trigo. 
El hecho de poder utilizar imágenes multiespectrales en lugar de hiperespectrales para 
la discriminación de malas hierbas en cultivos es un aspecto importante, ya que el empleo de 
las técnicas de teledetección con firmas hiperespectrales necesitaría el uso de sensores 
hiperespectrales aerotransportados (ej. CASI), que presentan la dificultad de no estar 
disponibles aún en muchos países y de tener un precio más elevado que los sensores 
multiespectrales a bordo de satélites (p.ej. Ikonos o QuickBird). Además, estos últimos cuentan 
con la capacidad de cubrir mayores superficies de terreno, lo que permite mapear un número 
mayor de campos que los sensores hiperespectrales (López-Granados, 2011).   
En esta Tesis Doctoral se han analizado las firmas hiperespectrales obtenidas con el 
espectrorradiómetro antes mencionado, aplicando Análisis Discriminante por el método de 
inclusión por pasos (Stepwise Discriminat Analysis) y dos modelos de redes neuronales, 
Perceptrón Multicapa (Multilayer Perceptron) y  Función de Base Radial (Radial Basis 
Function), para comprobar la capacidad de discriminación entre malas hierbas crucíferas y 
cultivos de invierno (trigo y leguminosas), además de determinar la posibilidad de usar datos 
multiespectrales para tal finalidad. 
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El Análisis Discriminante es una técnica estadística multivariante que muestra qué 
conjunto de variables (variables independientes, longitudes de onda en el caso de esta Tesis 
Doctoral) permite diferenciar una serie de elementos o grupos de clasificación (variable 
dependiente, en nuestro caso las clases a discriminar, es decir, malas hierbas y cultivos) y 
cuántas de estas variables independientes son necesarias para alcanzar la mejor clasificación 
posible. La finalidad de esta metodología es encontrar la combinación lineal de las variables 
independientes que mejor discrimine los distintos grupos de clasificación, de manera que 
pueda utilizarse posteriormente para clasificar de forma sistemática nuevas firmas espectrales 
de dichas malas hierbas y cultivos. El número de funciones discriminantes que componen el 
modelo se determina por el número de variables dependientes menos uno (Karimi et al., 2005 
a). El sistema de Análisis Discriminante de inclusión por pasos incorpora las variables 
independientes de forma individual, midiendo su aportación a la función discriminante y 
seleccionando sólo aquéllas que cumplan un criterio de entrada. Al mismo tiempo, mide la 
aportación de las variables ya incluidas en el modelo, de manera que son expulsadas si 
cumplen con un criterio de salida (Karimi et al., 2005 b).  
Estas técnicas han sido empleadas en multitud de cultivos para discriminar malas 
hierbas, así p.ej., Gray et al. (2009) discriminaron soja y seis especies de malas hierbas a partir 
de datos hiperespectrales tomados en diferentes fechas, comprobando que los resultados 
mejoraban cuando se incluían en los análisis las longitudes de onda de la porción del infrarrojo 
cercano, con valores de precisión del 80% para todas las situaciones evaluadas. Zhang y 
Slaughter (2011) clasificaron seis cultivares de tomate y las malas hierbas  Amaranthus 
retroflexus L. y Solanum nigrum L. con valores de 92,2 % de precisión utilizando análisis 
discriminantes. En cultivos de trigo o colza, Smith y Blackshaw (2003) y Gómez-Casero et al. 
(2010) consiguieron muy buenos resultados en la discriminación de distintas especies de malas 
hierbas (Amaranthus retroflexus L., Avena fatua L., Brassica kaber (DC.) L.C. Wheerler., 
Chenopodium álbum L. y Setaria viridis L., y Avena sterilis L. y Phalaris spp., respectivamente) 
en fase avanzada del cultivo con valores de precisión por encima del 89 %. 
Las redes neuronales artificiales (RNA) son modelos de aprendizaje y procesamiento 
de datos que emulan el sistema nervioso biológico combinando elementos simples de 
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procesado, neuronas, interconectados para producir un estímulo de salida. Estas conexiones 
entre neuronas tienen un peso asociado que va ajustándose en la fase de aprendizaje con el fin 
de predecir la etiqueta de la clase más correcta para los nuevos datos de entrada (Han y 
Kamber, 2006). Estas redes pueden ser supervisadas, cuando se realiza un proceso previo de 
entrenamiento, dotando a la red de datos de las entradas y salidas esperadas; o no 
supervisadas, en el que la red debe crear categorías a partir de los datos de entrada e ir 
clasificando los nuevos datos en función de dichas categorías (Martín del Brio y Sanz, 2001). 
Las RNA están compuestas por una capa de entrada, que recoge las variables observadas o 
independientes; una o más capas ocultas, donde se realiza el procesado de modelización de los 
pesos de las variables independientes; y una capa de salida, formada por las variables que han 
sido clasificadas (Martín del Brio y Sanz, 2001).  
 Son varios los ejemplos de aplicación de redes neuronales para la discriminación de 
malas hierbas en cultivos. Así, Goel et al. (2003 b) utilizaron estos modelos para identificar 
especies de malas hierbas de hoja ancha y de hoja estrecha y el estrés de nitrógeno en cultivos 
de maíz con datos hiperespectrales obtenidos del avión CASI. Los mejores resultados fueron 
obtenidos utilizando las redes neuronales cuando el cultivo se encontraba en estado de 
floración, y éstos mejoraron si sólo se tenía en cuenta el factor de las malas hierbas, con sólo 
un 13 % de errores en la clasificación. De forma similar, otros autores han empleado estas 
técnicas para detectar malas hierbas de hoja ancha en trigo (López-Granados et al., 2008) o en 
remolacha azucarera (Moshou et al., 2001).  
En esta Tesis Doctoral se han usado las redes neuronales de clasificación supervisadas 
Perceptrón Multicapa (PM) y Función de Base Radial (FBR). Ambos modelos crean redes 
unidireccionales, feedforward, de manera que la información usada en una capa no 
retroalimenta las capas anteriores. La principal diferencia entre ambos modelos se presenta en 
la arquitectura de la red, que es rígida en el caso de la FBR, formada por  tres capas, la de 
entrada, la oculta y la de salida, mientras que PM presenta un número arbitrario de capas 
ocultas. Además, en este último caso se modifican los pesos asociados a cada conexión 
utilizando la información de los errores generados mediante el algoritmo back-propagation, 
minimizando así lo errores cuadráticos de la red.  
 Revisión Bibliográfica 
 
 
A.I. de Castro Megías                                                                                                                     - 29 - 
 
La principal diferencia entre las redes neuronales y el análisis discriminante radica en 
que las primeras presentan una función con tipología de red, mientras que las segundas están 
basadas en combinaciones lineales de las variables de entrada. 
3. Análisis de Imágenes 
Las imágenes capturaras por los sensores deben ser sometidas a un tratamiento previo 
o pre-procesamiento y a un posterior análisis para obtener información de la variable objeto 
de estudio en las distintas regiones del espectro electromagnético en el que se ha registrado 
información.  
En la mayoría de los análisis, antes de llevar a cabo el proceso de extracción de 
información de la imagen, ésta se somete a correcciones, pre-tratamientos y/o realces que 
faciliten dicho proceso. Las correcciones tratan de eliminar cualquier anomalía detectada en la 
imagen, ya sea en su localización, mediante correcciones geométricas, o en la radiometría de 
los píxeles que la componen, mediante correcciones radiométricas (Chuvieco, 2002). Los pre-
tratamientos o realces tratan de destacar aquellos detalles de interés y mejorar la calidad de la 
imagen para adecuarla a la aplicación específica final y facilitar la interpretación de la 
información que contiene.  
El análisis de la imagen incluye técnicas que facilitan la búsqueda e interpretación de la 
información contenida en ellas, como las técnicas de clasificación digital, que permiten 
obtener un mapa temático que recoge información cualitativa de la clase a la que pertenece 
cada píxel. En algunos casos, la clasificación de la imagen puede abordarse exclusivamente 
desde los valores digitales de la misma y no sufrir correcciones ni conversiones de parámetros 
(Castillejo-González, 2010).  
3.1   Segmentación  
  La segmentación es un pre-procesamiento de la imagen que mejora la clasificación de 
la misma, ya que permite identificar y extraer información de interés para la aplicación final.  
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La segmentación divide la imagen en regiones homogéneas, agrupando píxeles adyacentes en 
objetos que comparten características espectrales y espaciales, que formarán las unidades 
básicas de la imagen en posteriores procesamientos (Baatz y Schäpe, 2000). La generación de 
objetos se lleva a cabo aplicando un algoritmo de unión/crecimiento a partir de unos píxeles 
semilla y en base a unos parámetros de similitud espacial y contigüidad espectral definidos por 
el usuario (p ej., peso de las bandas, escala, color, forma, suavidad y compacidad) (Peña-
Barragán et al., 2011). Los píxeles que forman cada objeto tienen un mayor grado de 
homogeneidad interna que el que cabria esperar si se fusionaran con objetos contiguos (Gao, 
2009).  
  Los algoritmos de segmentación basados en regiones de crecimiento (region-based) 
generan objetos en base a análisis de similaridad entre ellos (Zhang, 1997). Estos algoritmos 
son muy utilizados, puesto que realizan una segmentación directa de la imagen, asignando 
cada pixel a una única región (Cocquerez y Philipp, 1995). Los objetos generados a través de 
estas técnicas son homogéneos en cuanto a características espaciales, texturales y espectrales, 
permitiendo identificar parcelas de cultivo dentro de una imagen (Geneletti y Gorte, 2003; 
Ciriza et al., 2009; Castillejo-González et al., 2009; Maxwell, 2010; Peña-Barragán et al., 2011). 
  En este Tesis Doctoral se utilizó el algoritmo de Segmentación Multirresolución  
basado en regiones de crecimiento con agrupación ascendente, que no precisan conocimiento 
previo por parte del usuario de las regiones presentes en la imagen, de forma que ésta se 
segmenta en objetos generados de forma automática mediante métodos de clusterizado 
(Baatz y Schäpe, 2000). Este proceso permitió la identificación y extracción de las parcelas de 
trigo presentes en la escena de una imagen de satélite con una superficie de 105 km2, para 
posteriormente llevar a cabo la discriminación de los rodales de malas hierbas en estos 
campos de trigo y elaborar mapas de tratamiento, tanto a escala parcela como a escala 
comarcal. Esta metodología parte de un único píxel, píxel semilla, cuyo crecimiento tiene lugar 
a través de sucesivas iteraciones y evaluaciones de cada píxel semilla con los adyacentes, 
observándose una agregación de píxeles hasta que se supera un grado de heterogeneidad 
definido en el proceso (Yu et al., 2006). Los parámetros que controlan la formación de objetos 
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son el factor de escala (controla el tamaño de los objetos), color (influencia de la información 
espectral en la segmentación) y forma (influencia de la suavidad y compacidad de los objetos). 
3.2   Clasificación de la imagen 
Se trata de una rama del análisis de la imagen que tiene como objetivo el 
reconocimiento y localización de clases cuyos elementos (píxeles) tienen ciertas características 
en común, y que da lugar a un mapa en el que cada píxel presenta una etiqueta que identifica 
la categoría o clase, normalmente cualitativa, a la que pertenece (Chuvieco y Huete, 2010). La 
clasificación digital realiza una caracterización relativa, válida para una determinada imagen y 
un territorio concreto (Robinove, 1981; Duggin y Robinove, 1990; Song et al., 2001), aunque 
los métodos aplicados en una imagen pueden ser reproducidos en otras con las mismas clases, 
pero ajustando los parámetros que definan el algoritmo de clasificación (Peña-Barragán, 2005). 
Una gran parte de los trabajos publicados en revistas científicas de teledetección de los 
últimos 30 años tiene relación con la clasificación de imágenes (Wilkinson, 2005). 
Los métodos de clasificación pueden dividirse en no supervisados y supervisados en 
función a la forma en que son obtenidas las estadísticas para el entrenamiento del algoritmo 
de clasificación (Chuvieco, 2002). La clasificación no supervisada realiza la caracterización de la 
imagen mediante agrupaciones (clusters) de píxeles en función de una magnitud cuantitativa 
de diferenciación entre ellos, usando sólo relaciones estadísticas, sin tener en cuenta 
información previa del terreno. Los algoritmos más utilizados son k-Means e ISODATA 
(Interactive Self Organizing Data Analysis Techniques) basados en la búsqueda automática de 
grupos de valores digitales homogéneos, donde el usuario debe determinar la correspondencia 
entre las clases obtenidas en la clasificación y las clases buscadas.  
Por otro lado, la clasificación supervisada parte del conocimiento previo de la zona a 
clasificar, lo que permite seleccionar sobre la imagen áreas representativas de cada una de las 
categorías o clases, llamadas áreas de entrenamiento, de donde se extrae, para todas las 
bandas, información estadística (media, rango, desviación típica, varianza, etc.) que caracteriza 
cada clase. Es fundamental una correcta selección de las zonas de entrenamiento para un 
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adecuado ajuste de las estadísticas que no lleve a resultados erróneos en la clasificación 
(Muchoney y Strahler, 2002).  
Según recogieron South et al. (2004), la mayor parte de los algoritmos de clasificación 
supervisada pueden dividirse en tres grupos: basados en distancias, basados en probabilidades 
y basados en ángulos. Los clasificadores basados en distancias, como Mínima Distancia o 
Distancia de Mahalanobis, usan los valores espectrales medios de cada una de las categorías, 
sin tener en cuenta otros estadísticos, como por ejemplo, la varianza. Los clasificadores 
basados en probabilidades, como Máxima Probabilidad, (Maximum Likelihood Classifier, MLC) 
ofrecen clasificaciones más precisas que los anteriores, ya que incorporan en las reglas de 
clasificación tanto la media como la varianza. Los clasificadores basados en ángulos, como 
Mapeo de Ángulo Espectral, (Spectral Angler Mapper, SAM) utilizan una regla de decisión 
basada en ángulos espectrales formados entre el espectro de referencia y el del píxel sin 
clasificar en un espacio de tantas dimensiones como numero de bandas tenga la imagen. 
Otra metodología utilizada en la clasificación de imágenes son las técnicas basadas en 
el cálculo de Índices de Vegetación. Los Índices de Vegetación son combinaciones matemáticas 
(ratios y lineales) de longitudes de ondas o bandas seleccionadas en la imagen que 
caracterizan el vigor y el desarrollo de la vegetación valiéndose del contraste de su reflectancia 
en las diferentes bandas del espectro (Jackson y Huete, 1991, Hatfield y Pinter, 1993).  
Para la detección de rodales de malas hierbas crucíferas en cultivos de cereales y 
leguminosas de invierno, tanto en imágenes aéreas como en imágenes de satélite de alta 
resolución espacial QuickBird, en esta Tesis Doctoral se han utilizado clasificaciones 
supervisadas empleando Índices de Vegetación, Máxima Probabilidad y Mapeo de Ángulo 
Espectral, para determinar el método que mejor se ajusta a las características de cada trabajo 
según la relación coste computacional/precisión.  
El método de clasificación basado en Índices de Vegetación permite resaltar las 
diferencias de reflectancia espectral que caracterizan los usos del suelo, simplificar el análisis 
al reducirse el número de datos obtenidos a un solo valor característico y obtener valores 
adimensionales que permiten su comparación espacial y temporal y, en ocasiones, eliminar 
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efectos indeseados de iluminación, orografía, etc. (Jackson y Huete, 1991, Hatfield y Pinter, 
1993). En la clasificacion de las imágenes generadas con los Índices de Vegetacion puede 
utilizarse la técnica de Separacion de Clases, que consiste en determinar el rango de valores 
digitales (valor digital frontera, VDF) que mejor caracteriza cada clase dentro de la imagen 
(Andreasen et al., 1997; Lamb y Weedon, 1998), obtenido mediante un proceso iterativo de 
ajuste hasta obtener los valores que dan lugar a la clasificación más exacta (Congalton, 1991). 
Esta metodología ha sido utilizada con éxito para distinguir malas hierbas de hoja ancha y 
estrecha en cultivos de colza, cereal y girasol en imágenes aéreas (Lamb y Weedon, 1998; 
López-Granados et al., 2006; Peña-Barragán et al., 2007; 2010).  
El clasificador de Máxima Probabilidad es un método estadístico que asume que los 
datos de entrenamiento de cada categoría se ajustan a una distribución de probabilidad, 
normalmente una distribución gaussiana, de tal manera que cada clase puede ser descrita por 
una función de probabilidad a partir de su vector de  medias y la matriz de varianza. Una vez se 
hayan obtenido las funciones que definen cada categoría a partir de los datos de 
entrenamiento, para cada nuevo píxel de la imagen se calcula la probabilidad de pertenencia a 
cada una de las clases definidas, asignándolo a aquella en la que ésta sea mayor (Jensen, 
2005), siempre y cuando, supere un umbral de probabilidad previamente establecido por el 
usuario.  
El método de Máxima Probabilidad ha sido aplicado en Teledetección como método de 
clasificación estándar, (Richards, 1986), llegando a ser el método más empleado por su 
robustez y por ajustarse con más rigor a la disposición original de los datos (Chuvieco, 2002). 
Así por ejemplo, ha sido utilizado para discriminar rodales de malas hierbas en cultivos 
utilizando tanto imágenes aéreas, p. ej. Panicum effusum R. Br. en campos de colza (Lamb y 
Weedon, 1998), rodales de diferentes especies de malas hierbas en cultivos de soja con 
diversas estrategias de manejo (Goel et al., 2003 a; Gray et al., 2008; Gibson et al., 2004), 
rodales de bajas densidades de Chenopodium album L. en maíz (Armstrong et al., 2007), 
Amaranthus retroflexus L. y Avena sterilis L. en cultivos de colza, guisantes y trigo (Eddy et al., 
2008); como imágenes de satélite, p.ej. rodales de Avena sterilis L. en campos de trigo 
(Castillejo-González, 2010). 
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El método de Mapeo de Ángulo Espectral considera el ángulo formado por los 
espectros de referencia de cada clase en un espacio de tantas dimensiones como bandas tenga 
la imagen. Estos espectros se obtienen a partir de los datos de entrenamiento y son 
representativos de cada categoría (Kruse et al., 1993). El algoritmo calcula el ángulo formado 
por cada píxel a clasificar de la imagen y lo compara con los de referencia, asignándolo a 
aquella clase con la que obtenga un menor ángulo, ya que ángulos más pequeños significan 
mayor similitud espectral. Debe establecerse un umbral máximo angular de manera que 
aquellos pixeles que lo sobrepasen no se clasifiquen (Kruse et al., 1993).  
Este método ha sido empleado para la detección de malas hierbas en cultivos 
empleando imágenes aéreas multiespectrales, p. ej.,  Gibson et al. (2004) detectaron 
diferentes especies de malas hierbas en soja; Peña-Barragán et al. (2007) mapearon rodales de 
Ridolfia segetum Moris. en diferentes estados de crecimiento del girasol, con valores de 
precisión entre el 85 y 95% cuando el cultivo se encontraba en floración. Este método de 
clasificación ha sido igualmente eficiente en imágenes aéreas hiperespectrales, como las 
adquiridas por el avión CASI, probadas en el estudio de Goel et al. (2003 a), donde se 
detectaron infestaciones de malas hierbas de hoja ancha y de hoja estrecha con diferentes 
estrategias de manejo en cultivos de maíz.  También se ha probado este clasificador con 
imágenes de satélite de alta resolución espacial donde fue posible la detección de rodales de 
Avena sterilis L. en cultivos de trigo con imágenes del satélite QuickBird, con valores de 
precisión por encima del 92% (Castillejo-González, 2010). 
3.3   Validación de las clasificaciones 
Los mapas obtenidos en el proceso de clasificación de las imágenes (asignación de 
categorías) deben ser validados para conocer los tipos y grados de error que se han producido, 
así como la exactitud obtenida en la clasificación (Congalton y Green, 1998). Estos parámetros 
se obtienen a partir de la matriz de confusión, que resulta de comparar los resultados 
obtenidos en el mapa clasificado con datos externos representativos de cada clase, los datos 
verdad-terreno. Se denomina de confusión porque recoge los conflictos que se presentan 
entre categorías o clasificaciones. 
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La matriz de confusión está formada por n-filas que recogen los píxeles, ordenados por 
categorías, que se han obtenido en la clasificación, y por n-columnas compuestas por los 
píxeles verdad-terreno de cada categoría. La diagonal de esta matriz representa el número de 
píxeles que coinciden tanto en la imagen clasificada como en los datos verdad terreno, es 
decir, píxeles correctamente clasificados, definido como exactitud global de la clasificación 
(Overall Accuracy), mientras que los marginales (los no diagonales) corresponden a errores en 
la asignación. Además, de esta matriz se obtienen los siguientes estadísticos: a) exactitud del 
usuario, que es el porcentaje de píxeles correctamente clasificados en filas, es decir, píxeles 
clasificados que coinciden con los datos verdad-terreno, y que es complementaria al error de 
comisión; b) exactitud del productor, que es el porcentaje de píxeles correctamente 
clasificados en columnas, es decir, píxeles verdad-terreno que coinciden con la clasificación, y 
que es complementaria al error de omisión; y c) coeficiente kappa, que es el porcentaje de 
acuerdo obtenido en la clasificación sin considerar la influencia del azar (Congalton y Mead, 
1983; Foody, 1992). 
Desde un punto de vista agronómico es necesario conocer las zonas donde pueda 
existir subestimación y/o sobreestimación de las categorías analizadas, en el caso de esta Tesis 
Doctoral, los cultivos y las malas hierbas estudiadas. Los parámetros que informan sobre estas 
situaciones son los denominados errores de comisión y de omisión cometidos en la 
clasificación, y que son también extraídos de la matriz de confusión. El  error de comisión es la 
proporción de elementos que incluyéndose en una categoría no pertenecen a ella, p. ej. en 
nuestro caso haría referencia a rodales de mala hierba que aparecen en la imagen clasificada 
pero no existen en los datos verdad-terreno; lo que llevaría a tratar una zona que realmente 
no está infestada de malas hierbas, con el consecuente consumo de herbicida innecesario. Por 
su parte, el error de omisión se refiere a la proporción de elementos que perteneciendo a una 
categoría no se han incluido en ella; en nuestro sería p.ej., un rodal de mala hierba que no 
apareciendo en la imagen clasificada, sí existe en el terreno; en este caso se dejaría sin tratar 
una zona que realmente está infestada de mala hierba. Desde un punto de vista agronómico, 
esta situación es más delicada que la anterior dado que la mala hierba permanecerá en el 
campo compitiendo con el cultivo y contribuyendo al incremento del banco de semillas.   
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Para aceptar una clasificación como válida se han establecido los valores mínimos que 
deben alcanzar los diferentes estadísticos obtenidos en la matriz de confusión. Con respecto a 
la exactitud global, se considera aceptable la clasificación cuando es superior al 85% 
(Thomlinson et al., 1999; Foody, 2002); mientras que para el coeficiente Kappa, es aceptable 
cuando tenga un valor mínimo de 0,75 (Montserud y Leamans, 1992), asegurando así que el 
procedimiento de clasificación no está influenciado por el azar. 
4. Elaboración de Mapas de Tratamiento Localizado 
Los mapas de clasificación muestran la situación de la variable analizada, donde cada 
píxel representa una clase que le ha sido asignada durante el proceso de clasificación. En el 
caso de las malas hierbas, estos mapas se denominan mapas de infestación, y permiten 
conocer la localización de los rodales de las mismas en el cultivo (Lamb y Brown, 2001). Estos 
mapas clasificados por sí solos no permiten diseñar estrategias de manejo, requieren de un 
proceso posterior para la elaboración de mapas de tratamiento localizado, que permitan 
ajustar la aplicación del herbicida  en función de la situación y densidad de la mala hierba, de la 
unidad de tratamiento, del tamaño y características propias de la maquinaria y del grado de 
persistencia de la especie (Zanin et al., 1998; Maxwell y Luschei, 2005; Wiles, 2009). Estos 
mapas de tratamiento dividen el campo en zonas de manejo de características homogéneas 
que requieren el mismo input o tipo de actuación (Doerge, 1998); en el caso de las malas 
hierbas, zonas donde el herbicida a aplicar y la dosis requerida son los mismos.   
El umbral económico de tratamiento indica la densidad de la/s mala/s hierba/s a partir 
de la cual es económicamente rentable la aplicación de herbicida (Thornton et al., 1990), ya 
que el coste de la aplicación es menor que las pérdidas de producción que podrían ocasionar 
las malas hierbas presentes en el cultivo en caso de no aplicar el tratamiento. 
La elaboración de los mapas de tratamiento para el manejo localizado de malas 
hierbas ha sido un objetivo muy perseguido recientemente en agricultura de precisión y se ha 
llevado a cabo mediante métodos de muestreo discretos (Luschei et al., 2001; Gerhards et al., 
1997; Timmerman et al., 2003) así como con técnicas de teledetección utilizando fotografías e 
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imágenes aéreas e incluso, imágenes de satélite (Brown y Steckler, 1995; Castillejo-González, 
2010). La mayoría de los estudios llevados a cabo se han realizando a escala parcela, es decir, 
en campos individuales, con superficies generalmente por debajo de 30 ha, apuntando muchos 
de ellos la necesidad de desarrollar mapas de tratamiento herbicida a mayor escala, como p. 
ej. a escala comarcal, englobando un mayor número de campos y permitiendo una gestión 
integral de la comarca y el abaratamiento de los costes, ofreciendo soluciones reales a los 
agricultores (López-Granados, 2011). 
La utilización de los mapas de tratamiento permiten la aplicación localizada y la 
optimización de la dosis de herbicida empleada según la densidad de la mala hierba presente 
(Brown y Noble, 2005), consiguiendo beneficios económicos asociados a la reducción del 
volumen de herbicidas (Cousens, 1987; Christensen et al., 1998; Lems, 1998; Medlin et  al., 
2000; Maxwell y Luschei, 2005), de la dosis empleada (Castillejo-González, 2010; Barroso et al., 
2004) y del tiempo de aplicación. Así, Brown y Steckler (1995) estimaron en más de un 40% el 
ahorro de herbicidas empleando estrategias de control localizado mediante mapas de 
tratamiento elaborados a partir de fotografías aéreas en cultivos de maíz en no laboreo. En 
estudios similares, Timmerman et al. (2003) cuantificaron los ahorros de herbicidas en un 54% 
de media. Estos beneficios económicos se ven complementados con beneficios 
medioambientales, como la consecuente disminución de herbicidas susceptible de llegar a los 
acuíferos por escorrentía o lixiviación (Smith y Blackshaw, 2003). Esta disminución del 
herbicidas en el cultivo es posible gracias a la existencia dentro del mismo de zonas libres de 
infestación o con una densidad de la mala hierba por debajo del umbral económico de 
tratamiento, que no requieren esta aplicación o ésta no es económicamente rentable 
(Chancellor y Goronea, 1994; Johnson et al., 1995; Thornton et al., 1990; Andreasen, 1997; 
Zanin et al., 1998; Maxwell y Luschei, 2005).  
La reducción de herbicida que conlleva el uso de los mapas de tratamiento localizado 
elaborados a partir de técnicas de teledetección está dentro de los objetivos marcados por la 
política actual de la UE, que apuesta por técnicas que minimicen el uso de fitosanitarios y 
permitan el control del proceso de producción agrícola mediante la trazabilidad de los 
productos (FP7-NMP 2009). Esta normativa queda recogida en el Reglamento (CE) 1107/2009 
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relativo a la Comercialización de Productos Fitosanitarios, que define la Directiva 2009/128/CE 
para el Uso Sostenible de Plaguicidas, donde se recoge la legislación específica para los 
herbicidas, destacando elementos claves como “el fomento del bajo consumo (reducción de las 
aplicaciones) y la utilización de dosis adecuadas en función de las infestaciones de malas 
hierbas”. Esta legislación se ha traspuesto recientemente al Real Decreto 1311/2012 (BOE nº 
223 del 15 de septiembre de 2012), que tiene por objeto establecer el marco de acción para 
conseguir un uso sostenible de los productos fitosanitarios mediante la reducción de los 
riesgos y los efectos del uso de dichos productos en la salud humana y el medio ambiente, y el 
fomento de la gestión integrada de plagas y de planteamientos o técnicas alternativos, tales 
como los métodos no químicos. Se recogen en esta legislación como principios generales la 
limitación de productos fitosanitarios y otras formas de intervención a los niveles que sean 
necesarios, por ejemplo, mediante la reducción de las dosis, y la utilización de productos tan 
específicos como sea posible para el objetivo perseguido, tratando de producir  los menores 
efectos secundarios para la salud humana, los organismos a los que no se destine y el medio 
ambiente. 
La dosis de aplicación de herbicida debe ajustarse teniendo en cuenta numerosos 
factores, como las indicaciones del fabricante, el tamaño y la densidad del rodal de malas 
hierbas, su distribución y su estado de crecimiento (Holm et al., 2000; Gerhards et al., 2002; 
Thorp y Tian, 2004). Diversos estudios han mostrado que la dosis de herbicida puede ajustarse 
en función de la densidad de malas hierbas presente en campo. Barroso et al. (2004) y 
Castillejo-González (2010) comprobaron que las poblaciones de malas hierbas pueden ser 
correctamente controladas empleando programas de tratamiento localizado y aplicando dosis 
reducidas de herbicida cuando la densidad de las malas hierbas así lo determine.  
En esta Tesis Doctoral los mapas de tratamiento localizado de crucíferas se han 
elaborado con el software SARI® (Sectioning and Assessment of Remote Images) (García-Torres 
et al., 2008) a partir de los mapas de infestación obtenidos en los procesos de clasificación 
anteriormente descritos. Este software está diseñado para el manejo de imágenes remotas en 
aplicaciones de agricultura de precisión y permite crear mapas de tratamiento localizado de 
malas hierbas (García-Torres et al., 2009). SARI®  divide la imagen en una malla rectangular, 
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donde cada cuadrícula es una unidad de tratamiento, cuya dosis será fijada en función de la 
densidad de mala hierba dentro de la misma. El tamaño de la cuadricula es decidido por el 
usuario, teniendo en cuenta la resolución espacial de la imagen y diversos requisitos agrícolas, 
como el tamaño de los rodales de mala hierba o el tamaño de la maquinaria de aplicación del 
tratamiento. El software SARI
®  ha sido utilizado con éxito para la elaboración de mapas de 
tratamiento localizado para el control de rodales de Avena sterilis L. en cultivos de trigo 
(Gómez-Candón et al., 2012; Castillejo-González, 2010). 
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1. Resumen 
En este capítulo  se  describe el  estudio  de las firmas espectrales de las malas hierbas 
crucíferas (Diplotaxis spp. y Sinapis spp.) en  cultivos de invierno (trigo y habas) tomadas en 
campo, con el fin de determinar la potencialidad de los datos hiperespectrales y 
multiespectrales remotos para la clasificación de malas hierbas y cultivos mediante técnicas de 
teledetección. 
Los trabajos de campo se llevaron a cabo entre los años 2006 y 2009, en 5 campos de 
habas y 15 campos de trigo localizados en las provincias de  Córdoba y Sevilla, infestados 
naturalmente con malas hierbas crucíferas. Se tomaron firmas espectrales con un 
espectrorradiómetro de campo ASD FieldSpec HandHeld, que mide el espectro desde el 
dominio de longitud de onda entre 325 nm (región ultravioleta) y 1075 nm (región infrarrojo 
cercano), formado por 512 bandas de aprox. 1,5 nm de anchura cada una. Las firmas 
espectrales de los cultivos y de las malas hierbas crucíferas se midieron  en cada campo en fase 
avanzada del cultivo, cuando éstos mostraban el color verde típico de la etapa de crecimiento 
vegetativo y las crucíferas un intenso color amarillo correspondiente a la etapa de floración 
(Fig. 1). 
 Figura 1. Infestación de crucíferas en cultivos de trigo a) y habas b).  
 
          a)                                                                                         b) 
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En el análisis hiperespectral, la reflectividad de cada longitud de onda se promedió 
para obtener información cada 5 nm y en el estudio multiespectral, los datos se promediaron 
para representar las bandas azul (A, 450-520 nm), verde (V, 521-600 nm), rojo (R, 630-690 nm) 
e infrarrojo cercano (NIR, 760-900 nm) propias del satélite QuickBird. Asimismo, se calcularon 
diversos índices de vegetación: NDVI (NIR-R/NIR+R), RVI (NIR/R), A/V, R/A, R/V, NIR/A y NIR/V. 
Para identificar  las diferencias en la reflectividad de las firmas multi e hiperespectrales entre 
las malas hierbas y el cultivo se aplicaron tres técnicas: análisis discriminante por el método de 
inclusión por pasos (Stepwise Discriminant Analysis) y dos modelos de redes neuronales, 
Perceptrón Multicapa (Multilayer Perceptron) y Función de Base Radial (Radial Basis Function). 
La exactitud de la discriminación se determinó en función del porcentaje de clasificación 
correcta mediante validación cruzada.  
Tanto las firmas multiespectrales como las hiperespectrales de las malas hierbas 
crucíferas y de los cultivos pudieron ser clasificadas usando cualquiera de las tres técnicas de 
análisis evaluadas, obteniendo diferentes precisiones en función de la técnica empleada y el 
cultivo analizado. El método con el que se alcanzaron los mejores resultados en todas las 
localidades fue la Red Neuronal Perceptrón Multicapa, con valores de precisión (porcentaje de 
clasificación correcta) por encima del 98,1%, y en algunos casos del 100%.  
La precisión obtenida utilizando los datos multiespectrales y los índices de vegetación 
fue similar a la alcanzada con las firmas hiperespectrales, lo que demuestra el enorme 
potencial de los sensores remotos multiespectrales, de menor coste y más fácil adquisición, 
frente a  los sensores hiperespectrales, de mayor coste y difícil disponibilidad.  
Como conclusión, se recomienda la utilización de imágenes obtenidas con sensores 
multiespectrales (imágenes aéreas o de satélite de alta resolución espacial, como QuickBird) 
para las siguientes investigaciones a desarrollar en esta Tesis Doctoral, y así, explotar su 
excelente potencialidad en la discriminación de rodales de crucíferas en fase avanzada de 
cultivos de invierno.  
 Hyperspectral and multispectral data for cruciferous weeds discrimination 
 
A.I. de Castro Megías                                                                                                                   - 59 - 
2. Abstract 
In the context of detection of weeds in crops for site-specific weed control, on-ground 
spectral reflectance measurements are the first step to determine the potential of remote 
spectral data to classify weeds and crops. Field studies were conducted for four years at 
different locations in Spain. We aimed to distinguish cruciferous weeds in wheat and broad 
bean crops, using hyperspectral and multispectral readings in the visible and near-infrared 
spectrum. To identify differences in reflectance between cruciferous weeds, we applied three 
classification methods: stepwise discriminant (STEPDISC) analysis and two neural networks, 
specifically, multilayer perceptron (MLP) and radial basis function (RBF). Hyperspectral and 
multispectral signatures of cruciferous weeds, and wheat and broad bean crops can be 
classified using STEPDISC analysis, and MLP and RBF neural networks with different success, 
being the MLP model the most accurate with 100%, or higher than 98.1%, of classification 
performance for all the years. Classification accuracy from hyperspectral signatures was similar 
to that from multispectral and spectral indices, suggesting that little advantage would be 
obtained by using more expensive airborne hyperspectral imagery. Therefore for next 
investigations, we recommend using multispectral remote imagery to explore whether they 
can potentially discriminate these weeds and crops. 
Keywords: discriminant analysis, precision agriculture, site-specific weed control, remote 
sensing, spectral signatures 
3. Introduction 
Sinapis spp and Diplotaxis spp are cruciferous weeds very abundant and competitive in 
temperate areas worldwide that reduce yield in winter cereal crops, such as wheat (Triticum 
durum L.) [1, 2, 3] and in legume crops such as lentil (Lens culinaris L.) [4, 5], broad bean (Vicia 
faba L.) [6] and pea (Pisum sativum L.)[7]. Although wheat-sunflower is one of the main crop 
rotations in Spain, winter legume crops for human or animal consumption are also usually 
introduced into the crop rotations. The results of field surveys conducted recently on 30,000 
ha near Córdoba and Seville in Andalusia, southern Spain, indicated that more than 65% of 
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winter crops were infested with cruciferous weeds, including Diplotaxis spp. (generally D. 
virgata Cav. DC. and D. muralis L. DC) and Sinapis spp. (generally S. arvensis L. and S. alba)[8]. 
Winter crop weeds in cereals are often controlled by pre-sowing herbicides (e.g. glyphosate) 
and applying pre-emergence herbicides to legumes (e.g. linuron in broad bean and 
pendimethalin in pea). However, these herbicides cannot adequately control cruciferous 
weeds and specific herbicides, such as triasulphuron, can be applied to post-emergence 
cereals at weed flowering stage, although post-emergence herbicides for legume crops have 
not yet been developed, and thus tillage or hand weeding are frequently used to reduce 
cruciferous infestations. Moreover, most winter crops in Mediterranean conditions are 
produced with non-tillage or minimal tillage techniques to reduce the impact of soil erosion. 
Consequently, weeds such as cruciferous have become more problematic because they cannot 
be reduced by repeated tillage or cultivation. 
Despite the usual uniform management of fields, patchy distribution of cruciferous and 
other weed species, as well as the potential herbicide savings from treating only infested 
areas, have already been assessed using geostatistical approaches [9, 10]. However, herbicides 
are usually broadcast over entire fields, and there are evident economic and environmental 
risks from over-application. To overcome this situation, patch spraying (in cereals) or hand 
weeding (in legumes) of cruciferous weeds has supported the feasibility of using site-specific 
weed management (SSWM) for control of these worldwide weeds. A key component of SSWM 
is precise and timely weed maps, and one of the crucial steps for weed mapping is weed 
monitoring, either by ground sampling or by remote detection and identification of weeds. The 
remote sensing of weed canopies can significantly improve reliability compared to ground 
visits only if the spectral and spatial resolutions of remote sensing equipment are sufficient for 
the detection of differences in spectral reflectance [11, 12]. Late-season weed detection maps 
can be used to design SSWM for the application of in-season post-emergence herbicides in the 
case that adequate pre-emergence control was not achieved. Alternatively, because weed 
infestations are relatively stable from year to year, weed maps can be used for site-specific 
applications in subsequent years [13]. Both in-season and next-season maps are important for 
site-specific cruciferous weed control.  
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Spectral response of plant species at canopy or single leaf scale is unique, and known 
as spectral signature. The basic principle of using ground-acquired spectral signatures of weeds 
and crops is that measured differences in reflectivity can be used to detect and distinguish 
different weed species either in real-time or for the creation of weed maps. Furthermore, 
these ground-acquired signatures can be used to build libraries for remote or proximal sensing. 
Differences in spectral reflectance can be highlighted by weeds’ distinctive colours or 
phenological stages and by the use of vegetation indices [14, 15, 16]. Thus, there has been 
increased interest in the identification of weeds, soil background and crops using their spectral 
signatures, along with powerful discrimination techniques, as a starting point for SSWM.  
Hand-held hyperspectral sensors collect data in narrow and contiguous wavelengths, 
usually less than 10 nm wide, to allow detection of small or local variations in absorption 
features. By contrast, multispectral scanner systems collect data for several (3 to 7, usually 100 
nm wide) broad bands and, although multispectral data are typically easier to analyse, local 
variations in absorption might be undetectable within these broader bands. Hyperspectral and 
multispectral on-ground data have been successfully used to distinguish many plant groups, 
including 27 salt-marsh vegetation types in a coastal wetland [17]; corn caraway (Ridolfia 
segetum Moris.) in sunflower crop[14]; pitted morningglory (Ipomea lacunosa L.) [18]; grass 
weeds in wheat [16]; several weed species in common turfgrass [19]; volunteer potato and 
sugar beet [20]; and five weeds and two crop species [21]. However, the use of hyperspectral 
recordings involves analysing hundreds of wavelengths, and it is necessary to use robust 
classification methods to select a subset of several wavelengths in order to reduce the large 
number of hyperspectral data without losing any important information. Neural networks are 
a powerful multivariate analysis tool that can detect significant spectral differences and 
classify the spectra of weeds and crops into specific groups. Neural networks have been 
successfully used for the spectral classification of grass weed species in winter wheat [15]; 
however, to the best of our knowledge, they have not yet been applied to cruciferous weeds. 
Both hyperspectral and multispectral remote sensors have shown promise for weed 
mapping. The Compact Airborne Spectral Imager (CASI), an airborne hyperspectral sensor, is 
capable of acquiring data at up to 288 wavelengths in the visible and near-infrared spectral 
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range (400-1000 nm) at 1.9 nm intervals, and if proper altitudes are maintained, it can achieve 
spatial resolutions of 0.5 to 1 m, which are particularly useful for classifying vegetation classes. 
Additionally, the CASI spectral collection is user-programmable, which means that CASI 
imagery can be recorded at only a few programmed wavelengths, rather than the 288 
available ones. The CASI sensor has successfully detected several grass and broadleaved weeds 
in soybean and corn fields using Fisher’s linear or other discriminant analysis [22, 23] and using 
neural networks [24]. Multispectral and high spatial resolution satellite imagery are also 
capable of distinguishing weeds from crops. For example, QuickBird (average revisit 1-3.5 days; 
panchromatic image: 0.7-m pixel; multispectral image in the visible and near-infrared spectral 
range from 450 to 900 nm: 2.44-m pixel) has proven to have sufficient accuracy for mapping 
weeds, such as Cirsium arvense in sugar beet at the cotyledon stage [25].  
The potential advantages and disadvantages for both remote platforms are as follows: 
i) hyperspectral imagery is not yet available in many regions and is still expensive, whereas 
QuickBird imagery is cheaper and is available worldwide; ii) QuickBird usually covers a larger 
surface area and could map weed patches in tens of infested fields, whereas hyperspectral 
airborne sensors usually cover a smaller area, although they have superior flight versatility. As 
part of an overall research programme to investigate the opportunities and limitations of 
remote sensed imagery in accurately mapping cruciferous weeds in winter crops, it is crucial to 
explore the potential of these two technologies to identify variations in weeds’ hyperspectral 
and multispectral signatures across different years and locations. Such an approach should 
point out the significant variations in hyperspectral and multispectral signatures of the plant 
species studied, indicating a set of suitable wavelengths or wavebands for species 
discrimination.  
Thus, our study had the following objectives: i) to determine the hyperspectral and 
multispectral mean reflectance curves of cruciferous weeds and two winter crops (wheat and 
broad bean) in four years and different locations, ii) to select the best hyperspectral 
wavelengths or multispectral wavebands to discriminate efficiently between vegetation types, 
iii) to compare the accuracy performance for a spectrum classification into the specific group 
to which it belongs, and iv) to establish the misclassification percentage. We aimed to identify 
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suitable wavelengths for programming hyperspectral sensors such as CASI, as well as 
appropriate uses of multispectral QuickBird imagery for mapping cruciferous weeds in winter 
crops. 
 
4. Material and Methods 
The study was conducted in Andalusia, southern Spain, in early spring from 2007 to 
2010 at several locations near Córdoba and Seville. Fields were sown with wheat and broad 
bean crops, and all of them contained a natural mixture of cruciferous weed infestations 
(Table 1). 
 
Table 1. Sampling years and spectral data acquisition information for cruciferous weeds and crops.  
Years  Dates Locations and number of fields Crops 
2007  April 11 Cañada * Broad bean 
  Galván * Winter wheat 
 April 14 Montalbán * Winter wheat 
    
2008 April 10 
Lantejuela (two fields: A and  B) 
 
Winter wheat 
    
2009 March 19 La Rambla (four fields: A, B, C and D ) Winter wheat 
 March 20 
Fernán Núñez (four fields: E, F, G and H) 
 
Winter wheat 
    
2010 April 21 Guadalcázar (two fields: A and B) Winter wheat 
  La Veguilla (two fields: A and B) Broad bean 
 April 22 Écija * Winter wheat 
  Castro * Broad bean 
  Espejo * Broad bean 
 
4.1   Spectral Readings 
The spectral signatures of weed-free crop and cruciferous weed patches were taken 
using an ASD HandHeld FieldSpec spectroradiometer (Analytical Spectral Devices, Inc., 5335 
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Sterling Drive, Boulder, CO 80301, USA) placed at a height of 60-80 cm above each plant 
species canopy. Winter wheat and broad bean crops showed the typical green colour of the 
vegetative growth stage, and cruciferous weeds displayed an intense yellow colour 
corresponding to the flowering growth stage. Although cruciferous weeds from 2008 fields 
showed a lightly more advanced phenological stage and consequently they displayed a less 
bright yellow colour (adapted from [26]). 
      In each field, a total of 115 canopy spectral reflectance measurements were collected 
for each plant species along transects in order to characterise field variability. The spectral 
data were converted into reflectance, which is the ratio of energy reflected off the target to 
the energy that is incident on the target. Each spectral signature was calibrated using a barium 
sulphate standard reflectance panel as a reference (Spectralon, Labsphere, North Sutton, NH, 
USA) before and immediately after every ten measurements. Spectroradiometer readings 
were taken under sunny conditions between 12:00 h and 14:00 h local time [27] using a 25º 
field-of-view optic to measure an area of about 0.15 to 0.20 m2. Hyperspectral measurements 
were collected between 325 and 1075 nm with a bandwidth of 1.0 nm, although the 
reflectance spectra were noisy at the beginning and at the end of the range, and only the 
measurements between 400 and 900 nm were analysed. In addition, previous studies have 
shown that neighbouring wavelengths can frequently provide similar information. Thus, 
hyperspectral measurements were averaged to represent 100 5-nm-wide measurements 
between 400 and 900 nm [28,14], and these measurements were analysed statistically. 
Reflectance measurements at the canopy scale were also averaged to represent multispectral 
broad wavebands (blue, B: 450-520 nm; green, G: 521-600 nm; red, R: 630-690 nm; and near-
infrared, NIR: 760-900 nm), similar to those available on the commercial satellite QuickBird. 
The normalised difference vegetation index [NDVI = (NIR-R)/(NIR+R)] [29], the ratio vegetation 
index (RVI = NIR/R)[30], the R/B index [31] and other waveband ratios such as B/G, R/G; NIR/B 
and NIR/G were also calculated from the B, G, R and NIR wavebands, and analyzed.  
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4.2   Discriminant Analysis 
Hyperspectral, multispectral, and spectral vegetation indices data were subjected to 
discriminant analysis (DISCRIM) using SPSS software (SPSS 13.0, Inc., Chicago; Microsoft Corp., 
Redmond, WA). The basic problem in a discriminant analysis lies in assigning an unknown 
subject to one of two or more groups on the basis of a multivariate observation. The DISCRIM 
procedure permits the setting up of a predictive model of group membership based on 
characteristics observed in each case. The procedure originated a discriminant function, since 
the number generated corresponded to the number of groups minus one, based on linear 
combinations of the independent variables. The number of discriminant functions providing a 
statistically significant among-group variation essentially defined the dimensionality of the 
discriminant space. This test also measured the difference between groups [32]. To determine 
if the set of wavelengths (hyperspectral study) and wavebands and spectral vegetation indices 
(multispectral study) selected could be used to separate the three plant groups, stepwise 
discriminant function analyses (STEPDISC) were performed using SPSS. The STEPDISC 
procedure combined forward selection and backward elimination of the variables. Forward 
selection was employed for the inclusion of a variable, and backward elimination was used for 
the removal of variables no longer significant in the model[24]. For this study, a Wilks’ lambda 
test was performed to determine the significance of each discriminant function. The Wilks’ 
lambda values were indicative of the separability or discriminatory power of spectral 
wavelengths (i.e., the lower the Wilks’ lambda value, the greater the spectral differentiation 
between groups; [28]. At each step, the variable that minimised the overall Wilks’ lambda was 
entered. In addition, the minimum partial F to enter a variable was 3.84, and the maximum 
partial F for removing a variable was 2.71 (more details in [33]). 
The STEPDISC model was calculated by considering cruciferous weeds, wheat and 
broad beans as different classes. The functions were generated from a sample of cases for 
which their group membership was known (“count data”); these functions could subsequently 
be applied to new cases with measurements for the predictor variables but an unknown group 
membership. The suitability of the discriminant functions for a given classification was 
compared using a cross-validation method, which involves the calculation of misclassification 
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matrices by determining the number of wrongly classified groups in any single class. The “one 
data out” approach for cross-validation was selected from the classification option of the 
STEPDISC analysis in order to assess the accuracy of the model. In the development of 
STEPDISC models, the data were divided into two parts. The first was used to develop and 
construct the model, while the second was used to validate its classification accuracy [32]. This 
method was applied to both reflectance values and spectral indices to construct a classification 
rule to discriminate between wheat, broad beans and cruciferous weeds.  
4.3   Neural Networks 
Two neural networks, the multilayer perceptron (MLP) and the radial basis function 
(RBF), were used to identify weeds and crops. The main characteristic of these models is their 
capacity for learning by example. This property means that when using a neural network, there 
is no need to programme how the output is obtained given certain input; rather, examples are 
shown of the relationship between input and output, and the neural network will learn the 
existing relationship between them by means of a learning algorithm. Once the neural network 
has learnt to carry out the desired function, the input values can be entered, and the neural 
network will calculate the output. 
The MLP neural model is a fully connected multilayer feed-forward supervised learning 
network trained by the back-propagation algorithm to minimise a quadratic error criterion. 
That property means that no values are fed back to earlier layers. The size of the MLP is 
described as size of input layer  size of hidden layer  size of output layer [34,35]. In our case, 
the input layer is the annual set of spectral measurements taken from the spectroradiometer 
for cruciferous weeds, wheat and broad beans. One hidden layer from 3 to 11 neurons was 
used for 2007, 2008, 2009 and 2010, and one output layer containing as many neurons as 
classes to which the samples are classified was used for every sampling year. 
The RBF is also a fully connected feed-forward neural network with an input layer, a 
hidden layer and an output layer. The variables of the input and output layers were the same 
as for the MLP method. One hidden layer from 2 to 10 neurons was used for 2007, 2008, 2009 
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and 2010. The main differences between these two neural networks are that in the RBF the 
connections between the input and output layers are not weighted, and the transfer functions 
on the hidden layer nodes are radially symmetric [36]. The main difference between the 
STEPDISC and both neural networks is that the latter present a fitted function in an analytical 
form, where parameters are weights, biases, and network typology, whereas the STEPDISC 
produces a discriminant function (or a set of them) based on linear combinations of 
independent variables (i.e. spectral readings). 
The fitness of MLP and RBF for every classification model was determined by a hold-
out cross-validation procedure, where the size of the training dataset was 3n/4 and n/4 for the 
test set, n being the full dataset in every sampling year. Consequently, the full dataset was 
randomly split into two datasets, and after learning, the MLP or RBF model is run on the test 
set that provides an unbiased estimate of the generalisation error. SPSS application was used 
for STEPDISC, MLP and RBF, and the classification performance of every method was 
evaluated. 
5. Results 
Mean hyperspectral and multispectral curves of cruciferous weeds, winter wheat and 
broad bean crops obtained over four years are shown in Figures 1 and 2. Both graphs exhibited 
the characteristic peak in the green region of the spectrum at 550 nm (Fig. 1) and green 
waveband (Fig. 2) and the highest reflectance values in the near-infrared domain (from 760 to 
900 nm) typical of green vegetation. There were apparent reflectance differences in all the 
wavelengths or multispectral bands for weeds and crops every year, suggesting potential for 
distinguishing weeds and crops on this basis. Fig. 2 also shows that it might occasionally be 
helpful to use spectral vegetation indices to enhance these small spectral differences when 
they are not consistent. These results are in agreement with data obtained previously by other 
researchers [37,38,14,16], who studied late-season weed discrimination when spectral 
differences between crop and weeds prevail, e.g., when a flowering or still-green weed is 
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The classification results given in Table 2 were obtained from the STEPDISC analysis 
model for a different set of wavelengths (hyperspectral study) and wavebands or spectral 
vegetation indices (multispectral study) that were chosen on the basis of their order of entry 
into the STEPDISC procedure selection to discriminate between crops and weeds. The correct 
classification percentage for hyperspectral and multispectral analyses was 100% for 2008, 
being higher than 97.6 % for the rest of years. A number of wavelengths ranging from 3 to 12, 
and along with the four multispectral bands and all of the spectral vegetation indices with a 
different order of entry, were selected to develop every discriminant function for separating 
the spectra in the different years considered.  
The most frequently selected wavelengths were in the blue (405, 410 and 430 nm) and 
near-infrared (705 nm) parts of the spectrum. Wavelengths higher than 825 nm were not 
chosen for any of the discrimination models or years. While B/G, R/B and RVI spectral indices 
were selected in every discriminant function for every year, B/G proved to be especially 
important: it was the first, second or third variable entered into the discriminant functions in 
all years, indicating that it was crucial in classifying weeds and crops. The B band, the R/G ratio, 
and the ratios created from the combination of the NIR band with others (i.e. NIR/B and NIR/G 
spectral indices) also showed great potential for discrimination, as they were preferentially 
selected in 2007, 2009 and 2010. In each of the years studied, a small Wilks’ lambda (near 0) 
was obtained, indicating the high discriminatory power of every set of selected wavelengths, 
wavebands, and vegetation indices or ratios. 
The correct classification percentage was 100% in 2007, 2008 and 2009 for MLP and 
higher than 98.1% for 2010, and for RBF was 100% in 2008 and higher than 80.4% for the rest 
years, when including input data from hyperspectral, and multispectral and spectral vegetation 
indices (Table 3). According to these findings, classification accuracy from hyperspectral 
signatures was similar to that from multispectral and spectral indices.  
Due to multispectral remotely sensed imagery from QuickBird satellite is cheap, covers 
a large amount of surface area and is available worldwide, we present Table 4 to list the 




































































































































































































































































































































































































































































































































































































































































































































































































































































   









































































































































































































































































































































































































































































































































































































































































































































































































































































































































- 72 –                                                                                                                              Tesis Doctoral 
 Hyperspectral and multispectral data for cruciferous weeds discrimination 
 
A.I. de Castro Megías                                                                                                                   - 73 - 
data from cruciferous weeds and winter crops for both the whole interval and selected indices, 
as well as for every waveband and individual vegetation index. We found that MLP was the 
best method to distinguish crops and cruciferous weeds, with STEPDISC being second best; 
classification results from STEPDISC were more accurate than those from RBF for all years. MLP 
exhibited 100% classification accuracy for the NIR band and for most of the vegetation indices 
tested. All three models exhibited the best classification accuracy in 2008, followed by 2009 
when only cruciferous weeds and winter wheat were included in the classification set. 
For clarity in the results, and because discriminant functions and MLP models were the 
most accurate, only a classification matrix using cross-validation for the STEPDISC analysis and 
the MLP model showing both classification accuracies lower than 100% is presented in Table 5. 
The values in the table provide the percentage of both correctly classified classes (accuracy) 
and misclassified classes (error percentage). Using the STEPDISC analysis, cruciferous weeds 
were always correctly classified in 2007, while 1% and 3% of cruciferous weeds spectral 
signatures were misclassified as wheat in 2009 and as wheat and broad bean in 2010. The 
lowest accuracy was for wheat in 2006, for which 3% and 5% of spectra were misclassified as 
broad bean and cruciferous weeds, respectively. Using the MLP model, in 2010 2% and 1% of 
cruciferous weed spectra were misclassified as wheat and broad bean, respectively. 
6. Discussion 
Cruciferous weeds can considerably reduce the yield of wheat and legume crops. 
Because these weeds and crops are abundant in temperate regions of the world, more 
information about the distribution of weed patches is needed in order to carefully target 
herbicide use or other control strategies. The main objective of this research was to develop 
techniques to distinguish on-ground hyperspectral and multispectral field signatures of wheat, 
broad bean, and cruciferous weeds. The use of field data from different years and locations 
usually entails complications, due to exogenous factors. However, we aimed to analyse real 
field spectroradiometry data for further application of the results obtained in this study with 
the goal of using remotely sensed data to obtain cruciferous weed maps for site-specific
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control strategies at large scales (farming states or districts). Our results show that there are 
sufficient spectral differences between cruciferous weeds and crops to allow correct 
classification using both hyperspectral and multispectral measurements. The best overall 
classification was achieved with MLP for all years, followed by STEPDISC analysis and RBF. 
These findings are in close agreement with previous results from [35] and [39] for weed and 
irrigated crops classification and when comparing two neural models and the discriminant 
statistical model. These authors showed that MLP achieved higher classification performance 
than STEPDISC analysis and RBF. The superior performance of MLP could be because the 
discriminant functions are based on linear combinations of the independent variables, 
whereas the neural network functions have network typology and their parameters include 
weights and biases. The RBF model is simple in typology and provided relatively high accuracy, 
although it required significantly more computations for a feed-forward output compared with 
the back-propagation MLP network. By contrast, the MLP function showed the highest 
classification accuracy with less computational requirements. Thus, MLP surpasses both 
STEPDISC and RBF in terms of accuracy, and it is also preferable to RBF in terms of 
computational demands. 
Our hyperspectral results suggest opportunities for the use of airborne hyperspectral 
sensors, such as CASI, which is user-programmable and capable of acquiring spectral data at up 
to 288 wavelengths, whereas our multispectral results indicate the possibility for use of 
multispectral satellites, such as QuickBird. STEPDISC analysis and the MLP neural network, 
when applied to spectral data collected from the ground, appear to be promising approaches 
for the classification of spectral signatures of cruciferous weeds, wheat and broad bean crops. 
Future investigations will be essential to determine the potential of these techniques to 
distinguish and map this vegetation using CASI and QuickBird imagery taken when weeds and 
crops are at the specified phenological stages.  
CASI should be programmed with 30 or 12 wavelengths, rather than with the 288 
available wavelengths in the cases of further use of STEPDISC or MLP models, respectively, in 
the visible and NIR spectral range. Our multispectral results show that the wavebands 
corresponding to QuickBird satellite imagery and to several spectral vegetation indices were 
 Hyperspectral and multispectral data for cruciferous weeds discrimination 
 
A.I. de Castro Megías                                                                                                                   - 77 - 
capable of correctly classifying cruciferous weeds and crops. However, because classification 
accuracy from hyperspectral data (dozens of narrow wavelengths) was only slightly better than 
that from multispectral data (four wavebands and seven spectral vegetation indices) and 
because hyperspectral sensing is generally more expensive and covers a smaller surface area, 
we suggest that cruciferous weeds might be most efficiently distinguished using high spatial 
resolution QuickBird imagery. This approach could be an economical method for mapping 
broad-scale weed infestations to develop in-season post-emergence site-specific management. 
This map-based approach would consider not only the appropriate spectral and spatial 
resolution for weed data acquisition but also the development of robust methods for analysis 
and delineation of management zones for further use.  
In addition, our results can also inform the potential use of image analysis for real-time 
site-specific weed management. Real-time monitoring and spraying consists of a weed control 
system that can simultaneously detect and control weeds on finer spatial scales using digital 
cameras or spectral or optical sensor systems (non-imaging sensors) from ground-based 
platforms. This strategy requires robust monitoring, processing techniques, decision-making 
and spraying, while the vehicle is moving forward at a constant speed. Therefore, an algorithm 
classifying weeds and crops has to be powerful and flexible in a number of field situations to 
improve the decision making process. Some studies have applied fuzzy logic algorithms and 
artificial neural network classifiers to discriminate weed species in maize at the two- to five-
leaf stage[40] and in sunflower at the four-leaf stage [41]. The success of their results is related 
to the performance of the image analysis process.  
Research to improve the potential of remote or proximal sensing for mapping weeds 
can greatly contribute to decision-making in SSWM, which is one of the essential goals of 
current European policy on the sustainable use of pesticides [42]. This policy includes such 
elements as reductions in pesticide applications and the utilisation of adequate pesticide 
doses, both of which are core tenets of SSWM. 
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7. Conclusions 
Our results show that hyperspectral and multispectral signatures (spectral range of 
400-900 nm) of cruciferous weeds, wheat and broad beans taken under field conditions for 4 
years can be classified with varying success using STEPDISC analysis and MLP and RBF 
networks. The MLP model was the most accurate, achieving 100% or nearly 100% correct 
classifications for all the years of our study. This model selected twelve wavelengths (480, 485, 
490, 520, 565, 585, 590, 595, 690, 720, 725, 730 nm), three wavebands (B, G, NIR), and five 
spectral vegetation indices (B/G, R/B, R/G, NIR/B, RVI). The MLP neural network function could 
be considered for a future classification of hyperspectral or multispectral remotely sensed data 
for a map-based approach or for on-ground sensed data in the case of real-time based site-
specific weed management. However, differences in hyperspectral and multispectral 
classification results indicated that little advantage would be obtained using the more 
expensive airborne hyperspectral imagery. Therefore, multispectral high-spatial-resolution 
satellite imagery, such as QuickBird, or multispectral sensor systems from ground-based 
platforms (tractors, harvesters, robots) will be a useful next step to explore whether these 
kinds of imagery can potentially distinguish these weeds and crops. Successful spectral 
discrimination of weeds from crops would have several economical and environmental 
advantages: herbicide application on winter wheat could be reduced, thereby reducing costs, 
and tillage or hand-weeding in broad bean could be limited only to infested areas. This would 
improve the decision-making process for in-season post-emergence herbicides (or other 
control strategies) according to current European agricultural and environmental policy. 
8. Acknowledgements 
This work was partially financed by the Spanish Ministry of Science and Innovation 
through projects AGL2008-04670-CO3-03 and AGL2011-30442-CO2-01 (FEDER). JAE-Pre and 
JAE-Doc CSIC-FEDER Programmes financed the work of A.I. de Castro and M.T. Gómez-Casero, 
respectively. The authors thank Dr. Luis García-Torres, Amparo Torre, Juan José Caballero and 
David Gómez for their helpful assistance with field work.  
 Hyperspectral and multispectral data for cruciferous weeds discrimination 
 
A.I. de Castro Megías                                                                                                                   - 79 - 
9. References 
1. Mas, M.,  Verdu, A.M.C. (2003). Tillage system effects on weed communities in a 4-year 
crop rotation under Mediterranean dryland conditions. Soil Tillage 74, 15-24. 
2.  Dhima, K., Eleftherohorinos, I. (2005). Wild Mustard (Sinapis arvensis L.) competition with 
three winter cereals as affected by Nitrogen supply. J. Agron. Crop Sci. 191, 241-248. 
3.  Beres, B. L., Clayton, G.W., Harker, K. N., Stevenson, F.C., Blackshaw, R.E., Graft, R.J. 
(2010). A sustainable management package to improve winter wheat production and 
competition with weeds. Agron. J. 102, 649-657. 
4.  Brant, S. A. (1999). Management practices for back gentil green manure for the semiarid 
prairies. Can. J. Plant Sci. 79, 11-17. 
5.  McDonald, G.K., Hollaway, K.L., McMurray, L. (2007). Increasing plant density improves 
weed competition in lentil (Lens culinaris). Austral. J. Exp. Agric. 47, 48-56. 
6.  Lutman, P.J.W., 2002. Estimation of seed production by Stellaria media, Sinapis arvensis 
and Tripleurospermum inodorum in arable crops. Weed Res. 42, 359-369. 
7.  Miller, P.R., Ángel, R.E., Holmes, J.A. (2006). Cropping sequence effect of pea and pea 
management on spring wheat in the Northern Great Plains. Agron. J. 98, 1610-1619. 
8.  De Castro, A. I., Jurado-Expósito, M., Peña-Barragán, J.M., García Torres, L., López-
Granados, F. (2009). Clasificación de Diplotaxis virgata y Sinapis arvensis  en trigo, habas y 
guisantes mediante imágenes aéreas. In: ISA press (Ed.). Proceedings of the XII Congresso 
SEMh/ XIX, XIX Congresso ALAM, II Congresso IBCM. (Vol II: pp. 579-582). Lisbon, Portugal. 
9.  Jurado-Expósito, M., López-Granados, F., García-Torres, L., García-Ferrer, A., Sánchez de la 
Orden, M., Atenciano, S. (2003). Multi-species weed spatial variability and site-specific 
management maps in cultivated sunflower. Weed Sci 51, 319-328. 
 Capítulo II 
- 80 –                                                                                                                              Tesis Doctoral 
10.  Jurado-Expósito, M., López-Granados, F., Peña-Barragán, J.M., García-Torres, L. (2009). A 
digital elevation model to aid geostatistical mapping of weeds in sunflower crops. Agron. 
Sustain. Dev. 29, 391-400. 
11.  Thorp, K.R., Tian, L.F. (2004). A review on remote sensing of weeds in agriculture. 
Precision Agric. 5, 477-508. 
 12.  López-Granados, F. (2011). Weed detection for site-specific weed management: mapping 
and real time approaches. Weed Res. 51, 1-11. 
13.  Heijting, S., Van der Werf, W., Stein, A., Kropff, M.J. (2007). Are weed patches stable in 
location? Application of an explicitly two-dimensional methodology. Weed Res. 47, 381-
395 
14.   Peña-Barragán, J.M., López-Granados, F., Jurado-Expósito, M., García-Torres, L. (2006). 
Spectral discrimination of Ridolfia segetum and sunflower as affected by phenological 
stage. Weed Res. 46, 10-21. 
 15. López-Granados, F., Peña-Barragán, J.M., Jurado-Expósito, M., Francisco-Fernández, M., 
Cao, R., Alonso-Betanzos, A., Fontenla-Romero, O. (2008). Multispectral classification of 
grass weeds and wheat (Triticum durum) using linear and nonparametric functional 
discriminant analysis and neural networks. Weed Res. 48, 28-37. 
16.  Gómez-Casero, M.T., Castillejo-González, I.L.,  García-Ferrer, A., Peña-Barragán, J.M., 
Jurado-Expósito M., García-Torres, L., López-Granados, F. (2010). Spectral discrimination 
of wild oat and canary grass in wheat fields for less herbicide application. Agron. Sustain. 
Dev. 30, 689-699.  
17.  Schmidt, K.S., Skidmore, A.K. (2003). Spectral discrimination of vegetation types in a 
coastal wetland. Remote Sens. Environ. 85, 92-108. 
 Hyperspectral and multispectral data for cruciferous weeds discrimination 
 
A.I. de Castro Megías                                                                                                                   - 81 - 
18.  Koger, C.H., Bruce, L. M., David, R.S., Reddy, K.N. (2003a). Wavelet analysis of 
hyperspectral reflectance data for detecting morningglory (Ipomea lacunosa) in soybean 
(Glycine max). Remote Sens. Environ. 86, 108-119. 
19. Hutto, K.C., Shaw, D.R., King, R.L. (2006). Differenciation of turfgrass and common weeds 
species using hyperspectral radiometry. Weed Sci. 54, 335-359. 
20.  Nieuwenhuizen, A.T., Hofstee, J.W., van de Zande, J.C., Meuleman, J., van Henten, E.J. 
(2010). Classification of sugar beet and volunteer potato reflection spectra with a neural 
network and statistical discriminant analysis to select discriminative wavelengths. 
Comput. Electron. Agric. 73, 146-153. 
21.  Smith, A.M., Blackshaw, R.E. (2003). Weed-crop discrimination using remote sensing: a 
detached leaf experiment. Weed Technol. 17, 811-820. 
22.  Goel, P.K., Prasher, S.O., Patel, R.M., Landry, J.A., Bonnel, R.B., Viau, A.A. (2003). Potential 
of airborne hyperspectral remote sensing data to detect nitrogen deficiency and weed 
infestation in corn. Comput. Electron. Agric. 38, 99-124. 
23.  Koger, H.K., Shaw, D.R., Reddy K.N., Bruce, L.M. (2004). Detection of pitted morningglory 
(Ipomea lacunosa) with hyperspectral remote sensing. II. Effects of vegetation ground 
cover and reflectance properties. Weed Sci. 52, 230-235. 
24.  Karimi, Y., Prasher, S.O., McNaim, H., Bonnell, R.B., Dutilleul, P., Goel. P.K.  (2005a). 
Classification accuracy of discriminant analysis, neural networks and decision trees for 
weed and nitrogen stress detection in corn. Trans. ASAE 48, 1261-1268. 
25.  Backes, M., Jacobi, J. (2006). Classification of weed patches in QuickBird images: 
Verification by ground-truth data. In: EARSEL (European Association of Remote Sensing 
laboratories) eProceedings, Warsaw, Poland 5, 2. 
 Capítulo II 
- 82 –                                                                                                                              Tesis Doctoral 
26.  Lancashire, P.D., Bleiholder, H., Van Den Doom T., Langelüddeke, P., Srauss, R., Weber, E., 
Witzenberger, A. (1991). A uniform decimal code for growth stages of crops and weeds. 
Ann. Appl. Biol. 119, 561-601. 
27.  Salisbury, J.W. (1999). Environmental factors affecting reflectance measurements. In: 
Spectral measurements field guide. Rpt. Nº ADA362372, 90, p. 2-9. Defense Technical 
Information Center, Fort Belvoir, VA. 
28.  Thenkabail, P.S., Enclona, E.A., Ashton, M.S., Van Der Meer B. (2004). Accuracy 
assessments of hyperspectral wavebands performance of vegetation analysis applications. 
Remote Sens. Environ. 91, 354-376. 
29.  Rouse, J.W., Haas, R.H., Schell, J. A., Deering, D. W. (1973). Monitoring vegetation systems 
in the Greant Plains with ERTS. In: Proceedings of the Earth Resources Technology 
Satellite Symposium NASA SP-351, vol 1, 309-317. Washington DC, USA.  
30.  Jordan, C. F. (1969). Derivation of leaf area index from quality of light on the forest floor. 
Ecol. 50, 663-666. 
31.  Everitt, J. H., Villarreal, R. (1987). Detecting huisache (Acacia farnesiana) and mexican 
palo-verde (Parkinsonia aculeata) by aerial photography. Weed Sci. 35, 427-432. 
32.  Karimi, Y., Prasher, S.O., McNaim, H., Bonnell, R.B., Dutilleul, P., Goel. P.K. (2005b). 
Discriminant analysis of hyperspectral data for assessing water and nitrogen stresses in 
corn. Trans. ASAE 48, 805-813 
33.  Visauta, B., Martori, J.C. (2003). Análisis estadístico con SPSS para Windows. Volumen II: 
Estadística multivariante. 2ª Edición. McGraw-Hill Interamericana de España, S.A.U. 348 p. 
34.  Këranen, M., Aro, E.-M., Tyystjärvi, E. (2003). Automatic plant identification with 
chlorophyll fluorescence fingerprinting. Precision Agric. 4, 53-67. 
 Hyperspectral and multispectral data for cruciferous weeds discrimination 
 
A.I. de Castro Megías                                                                                                                   - 83 - 
35.  Burks, T.F., Shearer, S.A., Heath, J.R., Donohue, K.D. (2005). Evaluation of Neural-network 
Classifiers for Weed Species Discrimination. Biosyst. Eng. 91, 293-304. 
36.  Martín del Brío, B., Sanz Molina, A. (2006). Redes Neuronales y Sistemas Borrosos. 3rd ed., 
RA-MA, Madrid. 404 p. 
37.  Koger, C.H., Shaw, D.R., Watson, C.E., Reddy, K.N. (2003b). Detecting late-season weed 
infestations in soybean (Glycine max). Weed Technol. 17, 696-704. 
38.  López-Granados, F., Jurado-Expósito, M., Peña-Barragán, J.M.,  García-Torres, L. (2006). 
Using remote sensing for identification of late-season grass weed patches in wheat. Weed 
Sci. 54, 346-353. 
39.  López-Granados, F., Gómez-Casero, M.T., Peña-Barragán, J.M., Jurado-Expósito, M., 
García-Torres, L. (2010). Classifying irrigated crops as affected by phenological stage using 
discriminant analysis and neural networks. J. Am. Soc. Hort. Sci. 135, 465-473. 
40.  Yang, C.C., Prasher, S.O., Landry, J., Ramaswamy, H.S. (2002). Development of neural 
network for weed recognition in corn fields. Trans. ASAE 42,147-152. 
41.  Kavdir, I. (2004). Discrimination of sunflower, weed and soil by artificial neural networks. 
Comput. Electron. Agric. 44, 153-160. 
42.  Anonymous. (2009). Directive 2009/128/CE. Directive for sustainable use of pesticides. 












Airborne Multi-spectral Imagery for Mapping Cruciferous Weeds in 










                                                          
§ de Castro, A.I., Jurado-Expósito, M., Peña-Barragán, J.M. y López-Granados, F. (2012). 
Airborne multi-spectral imagery for mapping cruciferous weeds in cereal and legume 






   Airborne imagery for mapping cruciferous weeds  
 
 
A.I. de Castro Megías                                                                                                                 - 87 - 
 
1. Resumen 
Los resultados obtenidos en el capitulo anterior mostraron el enorme potencial que 
presentan las imágenes obtenidas con sensores remotos multiespectrales en la discriminación 
de rodales de malas hierbas crucíferas en fase avanzada de cultivos de invierno. Por ello, el 
objetivo de los trabajos recogidos en este capítulo fue evaluar el uso de imágenes aéreas para 
elaborar mapas de infestación de Diplotaxis spp. y Sinapis spp. en estado fenológico tardío en 
cultivos de invierno empleando técnicas de teledetección y desarrollar mapas de tratamiento 
localizado para su uso en agricultura de precisión. 
El estudio se llevó a cabo en siete campos localizados en la campiña de Córdoba y Sevilla 
en abril de 2007, cultivados de guisantes (Montalbán Alto: 23,7 ha) (Fig. 1.a), habas (Cañada 
Rosal: 2,9 ha; San Sebastián: 4,8 ha) (Fig. 1.b) y trigo (El Arrecife: 3,6 ha; Galván: 34,9 ha; La 
Carlota: 5,7 ha; Montalbán Bajo: 13,4 ha) e infestados de forma natural por crucíferas. Se 
tomaron imágenes aéreas en color (azul, A; verde, V; y rojo, R) e infrarrojo-color (V, R e 
infrarrojo cercano, IC), con una resolución espacial de 0,25 m. En la misma fecha de captura de 
las imágenes, se georreferenciaron con un GPS Diferencial puntos de control en campo y datos 
verdad terreno de rodales de crucíferas y de zonas de cultivo libres de infestación, para la 
georreferenciación de las imágenes y para llevar a cabo los procesos de análisis y validación de 
las clasificaciones. 
Figura 1. Imágenes aéreas en color  en cultivos de a) guisantes y b) habas.  
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 Se evaluaron tres métodos de clasificación supervisada: Índices de Vegetación, 
Máxima Probabilidad y Mapeo de Ángulo Espectral para determinar cuál de ellos permite una 
mejor discriminación entre el cultivo y las malas hierbas crucíferas. Cada proceso de 
clasificación fue validado por una Matriz de Confusión, cuantificando la coincidencia entre las 
categorías clasificadas y los datos verdad-terreno, a través de los estadísticos de clasificación 
obtenidos en dicha matriz. Los mejores métodos de clasificación fueron seleccionados para 
elaborar los mapas de infestación de cada campo, a partir de los cuales se diseñaron los mapas 
de tratamiento localizado para el control de las crucíferas en post-emergencia en la misma 
estación o para diseñar estrategias de control en próximas campañas.  
Los rodales de crucíferas fueron eficientemente discriminados con los Índices R/A y 
A/V y el clasificador de Máxima Probabilidad. Los resultados obtenidos con el algoritmo de 
Mapeo de Ángulo Espectral fueron bajos en todos los campos estudiados. Los mapas de 
tratamientos localizado se diseñaron en función del nivel de infestación y utilizando dosis 
recomendadas o reducidas.  Los ahorros herbicidas obtenidos fueron del 71,9 al 95,5 % en 
aquellas  zonas que no requieren tratamiento y del 4,3 al 12 % para las zonas que  necesitan 
tratamiento herbicida a dosis reducidas.  
  Estos resultados muestran que las imágenes aéreas multiespectrales pueden ser 
usadas de forma eficiente para mapear rodales de Diplotaxis spp. y Sinapis spp en cultivos de 
trigo y leguminosas de invierno a escala parcela  y diseñar estrategias de control localizado en  
la misma estación o en próximas campañas.  
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2. Abstract 
Cruciferous weeds are competitive broad-leaved species that cause losses in winter 
crops. In the present study, research on remote sensing was conducted on seven naturally 
infested fields located in Córdoba and Seville, southern Spain. Multi-spectral aerial images 
(four bands, including blue (B), green (G), red (R) and near-infrared (NIR) bands) taken in April 
2007 were used to evaluate the feasibility of mapping cruciferous patches (Diplotaxis spp. and 
Sinapis spp.) in winter crops (wheat, broad bean and pea) and compare the accuracy of 
different supervised classification methods (vegetation indices, maximum likelihood and 
spectral angle mapper).  The best classification method was selected to develop site-specific 
cruciferous treatment maps. Cruciferous patches were efficiently discriminated with red/blue 
(R/B) and blue/green (B/G) vegetation indices and the maximum likelihood classifier. At all of 
the locations, the accuracy of the results obtained from the spectral angler mapper was 
relatively low. The cruciferous weed-classified imagery of each location were created 
according to the method that provided the best discrimination results and were used to obtain 
site-specific treatment maps for in-season post-emergence control measures or herbicide 
applications for subsequent years. By applying the site-specific treatment maps, herbicide 
savings from 71.7 % to 95.4 % for the no-treatment areas and from 4.3% to 12% for the low-
dose herbicide were obtained. 
Keywords: Vegetation indices, maximum likelihood classifier, spectral angler mapper, site-
specific weed management. 
3. Introduction 
Cruciferous weeds are competitive broad-leaved species that cause losses in wheat 
(Triticum durum) (Beres et al. 2010), lentil (Lens culinaris) (McDonald et al. 2007) and pea 
(Pisum sativum) (Miller et al. 2006). The results of field surveys (carried out in 2006) conducted 
on 30,000 ha near Córdoba and Seville in Andalusia, southern Spain, indicated that more than 
65% of fields were infested with cruciferous weeds, including Diplotaxis spp. (generally D. 
virgata Cav. DC. and D. muralis L. DC.) and Sinapis spp. (generally S. arvensis L. and S. alba L.) 
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(De Castro et al. 2009). Winter crop weeds are often controlled by pre-sowing herbicides in 
cereals (e.g., glyphosate, (N-(phosphonomethyl)glycine)) and applying pre-emergence 
herbicides to legumes [e.g., linuron in broad bean, 3-(3,4-diclorofenil)-1-metoxi-1-metilurea, 
and pendimethalin in pea, (N-(1-ethylpropyl)-3,4-dimethyl-2,6-dinitrobenzenamine)]; 
however, these herbicides cannot adequately control cruciferous weeds. Some specific 
herbicides, such as triasulfuron (20%) (1-[2-(2-cloroetoxi) fenilsulfonil]-3-(4-metoxi-6-metil-
1,3,5-triazin-2-il) urea) can be applied to post-emergence cereals. However, post-emergence 
herbicides for legume crops have not yet been developed. Thus, tillage or hand weeding are 
frequently conducted to reduce cruciferous infestations. 
Although sunflower-wheat is one of the main crop rotations in Spain, legume crops for 
human consumption have been recently introduced into the crop rotations. For instance, the 
cultivated area of pea has increased from 9,000 ha in 1990 to 164,000 ha in 2009. From total 
cultivated area of pea, 15,000 ha are located in Andalusia, primarily in the province of Córdoba 
and Seville (MAPA 2009). Moreover, most winter crops (e.g., wheat, pea and broad bean) are 
produced through no-till or reduced tillage techniques. Consequently, weeds such as 
cruciferous have become more problematic because they cannot be reduced by repeated 
tillage or cultivation.   
Despite the usual uniform management of fields, weed populations tend to be 
distributed along the direction of cultivation (Gerhards and Christensen 2006) and may appear 
aggregated or patchy (Jurado-Expósito et al. 2003; 2009). As a result, site-specific weed 
management (SSWM) can be used to spray weed patches and/or adjust applications according 
to the weed density of the field, an economic threshold or a specific weed species 
composition, e.g., herbicide resistant, broadleaved or grass weeds (Maxwell and Luschei 2005; 
Timmermann et al. 2003; Wiles 2009).  Therefore, accurate, appropriate and timely weed 
maps are the key components required in order to take full advantage of site-specific herbicide 
applications and can be used to avoid over-application (Lamb and Brown 2001).  
To practice SSWM based on maps, robust methods for weed data acquisition and 
analysis, as well as delineation of site-specific treatment zones (control maps) are required for 
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further use. These requirements can be achieved by coupling remotely sensed imagery to 
software that discriminates between weeds, crop and fallow. Remote sensing of weed 
canopies may be more efficient than time-consuming field measurements, and the interest in 
using this technology for developing weed distribution maps has increased in recent years. The 
importance of remote sensing in SSWM has been recently reviewed by López-Granados (2011). 
To detect and map weeds with remote sensing techniques, suitable differences in the spectral 
reflectance of weeds, crops and bare soil must exist, and the spectral and spatial resolution of 
remote sensing equipment must be sufficient for the detection of differences in spectral 
reflectance (Thorp and Tian 2004). Plant species can often be identified by exploiting spectral 
differences based on the distinctive colour of phenological stages (Gómez-Casero et al. 2010). 
Another parameter that is essential for successful remote sensing is the ability to select a pixel 
size that is appropriate for the inherent properties of the input data. Namely, the smallest 
discernable feature at any given spatial resolution must be established, and the accuracy with 
which it is mapped must be determined. In order to help inexperienced users select the 
appropriate spatial resolution, Hengl (2006) discussed the rules of thumb for determining a 
suitable pixel size, and concluded that at least four pixels are required to detect the smallest 
objects, and at least two pixels are required to identify the narrowest objects. In the present 
study, the smallest object is the smallest mapped area (weed plants or weed patches). In other 
words, if the smallest object is a weed patch of 16 m² (4 x 4 m), imagery with a resolution of 2 
m or less should be employed.  
 The detection of late-season weed infestations with remote sensing is feasible when 
the soil surface is completely covered (to avoid soil background reflectance), weeds are visible 
above the crop canopy, spectral differences between crops and weeds are greatest, and crops 
and weeds have not reached the same phenological stage. Thus, late-season weed detection 
maps can be used to design SSWM for the application of in-season post-emergence herbicides 
if adequate pre-emergence control was not achieved. Alternatively, because weed infestations 
are relatively stable from year to year, applications can be carried out in subsequent years 
(Heijting et al. 2007; Zijlstra et al. 2011). Thus, the capacity to discriminate problematic weeds 
at advanced phenological stages could reduce herbicide use and crop management costs. 
Multi-spectral aerial imagery has been used to accurately map late infestations of several grass 
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weeds in wheat (López-Granados et al. 2006) and Cirsium arvense in winter wheat (Hamouz et 
al. 2008); corn caraway (Ridolfia segetum) in sunflower (Peña-Barragán et al. 2007); several 
broadleaved weeds in soybean (Glycine max) (Gray et al. 2008). Thus, multi-spectral aerial 
imagery has large potential for discriminating weeds and crops. 
Several supervised and unsupervised classification methods have been used in 
vegetation cover classification studies. Supervised classification is a procedure used to identify 
spectrally similar areas in an image. In supervised classification methods, the user specifies 
training sites with known land covers, and the algorithm extrapolates the spectral 
characteristics of the training sites to other areas for classification. Unsupervised classification 
involves the categorization of an image by computer processing based solely on the image 
statistics, without the intervention of direct user guidance. Common vegetation and non-
vegetation classes have been generated using supervised classification methods, such as 
vegetation indices, the maximum likelihood classifier and the spectral angle mapper (Castillejo-
González et al. 2009). Vegetation indices are ratios or linear combinations of bands that take 
advantage of differences in the reflectance of vegetation between wavelengths. Some of the 
vegetation indices most widely used in multi-spectral remote sensing research for the 
detection and quantification of vegetation include: NDVI = (NIR-R)/(NIR+R) (Normalized 
Difference Vegetation Index; Rouse et al. 1973), RVI = (NIR/R) (Ratio Vegetation Index; Jordan 
1969), and R/B ((R/B) Index; Everitt and Villarreal 1987), where NIR is the near-infrared band, R 
is the red band and B is the blue band. The indices NDVI and RVI have been used to distinguish 
grass and broadleaved weeds in crops using aerial imagery because they usually have high 
reflectance in the NIR region of the spectrum and low in the R region, and both indices 
enhance these differences (Henry et al. 2004; Peña-Barragán et al. 2010).  
The maximum likelihood classifier (MLC) is a statistical method that assumes that the 
training data set follows a spatial probability distribution (usually a Gaussian distribution); 
thus, the response pattern of the training data can be described by the mean vector and the 
covariance. The MLC has been applied to remote sensing data as a standard classification 
method, as indicated by Richards (1986). In particular, the MLC has been used to classify and 
discriminate weed infestations in crops using multi-spectral imagery. For instance, Panicum 
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effusum in fallow fields of oilseed rape (Brassica napus) stubble (Lamb and Weedon 1998) 
have been discriminated and several species of broadleaved weeds have been identified in 
soybean (Gray et al. 2008). Similarly, Eddy et al. (2008) discriminated redroot pigweed 
(Amaranthus retroflexus) and wild oat in oilseed rape, pea and wheat using hyperspectral 
imagery.  
The spectral angle mapper (SAM) algorithm considers the angle between band values, 
which is representative of the spectral signature of each cover- class (crop or weed) (Kruse et 
al. 1993). This method is relatively insensitive to albedo effects and changes in brightness and 
illumination (Campbell 2002). The SAM method has been used to classify vegetation from a 
hyperspectral data set to detect invasive weeds such as spotted knapweed (Centaurea 
maculosa) (Lass et al. 2005). Moreover, multi-spectral data has been used to map broom 
snakeweed infestation on rangelands (Yang and Everitt 2010).  
To date, the use of classification methods and remotely sensed data for mapping 
cruciferous weed patches in crops has not yet been evaluated. Thus, in the present research, 
different classification methods were assessed to: 1) evaluate the feasibility of using remote 
sensing techniques and aerial imagery to map cruciferous patches (Diplotaxis spp. and Sinapis 
spp.) in winter crops (wheat, broad bean and pea); 2) to compare the accuracy of different 
classification methods (vegetation indices, SAM and MLC); and 3) with the best classification 
method selected, to develop site-specific cruciferous treatment maps.  
4. Materials and Methods 
4.1   Study area and phenological stages of weeds and crops 
The study was conducted in April (spring in Mediterranean conditions) of 2007 at 
seven fields near Córdoba and Seville, Andalusia, Spain. The fields were identified as 
Montalbán Alto, Cañada Rosal, San Sebastián, El Arrecife, Galván, La Carlota and Montalbán 
Bajo. UTM co-ordinates and the area of each field are shown in Table 1. The fields were sown 
with pea (Montalbán Alto), broad bean (Cañada Rosal and San Sebastián), and winter wheat (El 
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Arrecife, Galván, La Carlota and Montalbán Bajo) and were naturally infested with a mixture of 
cruciferous weeds composed of Diplotaxis spp. and Sinapis spp. When the aerial images were 
taken, the crops (broad bean, pea and winter wheat) showed the typical green colour of the 
vegetative growth stage and cruciferous weeds displayed an intensive yellow colour 
corresponding to the flowering growth stage.  





Montalbán Alto 341,731.40 E 4,161,100.86 N 23.7 
Cañada Rosal 306,992.29 E 4,162,439.63 N 5.9 
San Sebastián 338,781.96 E 4,169,355.80 N 4.8 
El Arrecife 331,026.26 E 4,173,821.39 N 3.6 
Galván 320,010.35 E 4,169,037.61 N 34.9 
La Carlota 329,305.71 E 4,172,032.70 N 5.7 
Montalbán Bajo 342,800.67 E 4,161,147.77 N 13.4 
  
4.2   Aerial imagery 
Digital-colour (blue, B: 400-500 nm; green, G: 500-600 nm; red, R: 600-700) and colour-
infrared (G: 500-600 nm; R: 600-700; NIR: 700-1100 nm) aerial images were taken on cloudless 
days between 12 and 14 h with a turboprop twin-engine plane (CESSNA 404 Titan) on 18 April 
2007 at every location. A digital DMC Zeiss-Intergraph camera with a focal distance of 120 mm 
and a CCD of 12 m sensor pixel size was employed. The average flight height was 2,500 m 
above the field, and images were obtained at a scale of 1:30,000 and a spatial resolution of 
0.25 m. Taking account of this pixel size, cruciferous patches were sampled to be at least a 
surface of 1 m2, since it is necessary for at least four pixels to represent the smallest objects 
(Hengl 2006). Radiometric corrections were conducted by the supplying company (HIFSA: 
www.hifsa.com) and the images were ortho-rectified using ENVI software (ENVI 4.4., Research 
Systems Inc., Boulder, CO, USA). Fiducial marks of the aerial calibration certificate and 40 
ground control points were collected with a Differential Global Positioning System (DGPS) 
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TRIMBLE PRO-XRS (Trimble, Sunnyvale, CA, USA) equipped with a TDC-1 unit (centimetre 
precision). The colour aerial images were geo-referenced until a cumulative RMSE (root mean 
square error) of less than 5 pixels was achieved and, then, the colour-infrared aerial images 
were geo-referenced using the colour-images. As a result, the geo-reference error between 
images was less than 1 pixel, and similar pixels presented identical co-ordinates. All spatial and 
spectral data were grouped into a unique multi-band file according to the following 
requirements: 1) the geo-reference error between images was less than one pixel, and similar 
pixels had identical co-ordinates and 2) the NIR digital values of a colour-infrared image were 
corrected to the digital values of the colour image, using the differences between the G and R 
bands of both original images (Peña-Barragán et al. 2007). Pixels of the image presented digital 
counts within the range of 0 to 255 values, which corresponded to 8 bits of radiometric 
resolution. The digital values were directly proportional to the total light reflected from the 
scene (Flowers et al. 2001).  
Bands and band ratios derived from them were subjected to analysis of variance and 
means of cruciferous and wheat were separated at the 0.01 level of significance by LSD test 
using SPSS software (SPSS 13.0, Inc., Chicago; Microsoft Corp., Redmond, WA, USA). Significant 
differences in digital data between crops and cruciferous weeds were observed in most of the 
analysed bands and band ratios. 
4.3   Ground truth data 
To verify and validate the classification process, a random ground sampling procedure 
was carried out at the same time that the aerial images were taken to ensure that the entire 
field had an equal chance of being sampled without operator bias (McCoy 2005). The sampling 
method consisted of collecting and geo-referencing a number of points throughout the fields 
consisting of 320 training points and 450 ground truth points of each plant type (cruciferous 
patches and crop) per location. The training points and the ground truth points corresponding 
to cruciferous patches were collected in those areas with cruciferous weed density above the 
economic threshold, established as ≥ 2 plants m-² (adapted from Castro-Tendero and García-
Torres 1995). The training points were used to define the spectral signature and the boundary 
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digital values used in the classification routines. Ground truth points were used to assess the 
accuracy of the classification method.  
4.4   Classification methods 
ENVI 4.4 software was used to process and analyze the images, the three classification 
methods evaluated were: vegetation indices, the maximum likelihood classifier and the 
spectral angle mapper. 
 4.4.1   Vegetation indices 
 Four multi-spectral bands (B, G, R, and NIR), three vegetation indices (NDVI, RVI and 
R/B) and four band ratios (B/G, R/G, NIR/B and NIR/G) were used. The mean and standard 
deviation of the digital value of every class were calculated for each waveband and band ratio. 
Boundary digital values intervals (BDVIs) were used to define each region in an iterative 
manner, based on the information provided by the training points of each crop type. These 
data were established according to the statistical values obtained from the training points, 
adding and reducing the standard deviation to the average, i.e. if the training pixel set had a 
mean digital value of 25 and a standard deviation value of 4, the BDV would be 21-29. The 
BDVIs were those that better discriminated the two classes (weeds and crop), providing the 
highest statistical accuracy. Every vegetation index, band ratio or waveband image was 
classified according to the BDVI that best characterised each class. 
 4.4.2   Maximum likelihood classifier 
The MLC method was used to calculate the probability that a given pixel belongs to 
one of the predefined classes (crop and weeds), taking into account the variability in each 
training zone. The pixel is then assigned to the class to which it most likely belongs, i.e. the 
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class with the highest probability value (Jensen, 2005). Therefore, a probability threshold must 
be specified in the MLC algorithm to disregard pixels with low probability values. Probability 
thresholds of 50% to 95% were tested in 5% increments to determine the optimal probability 
for obtaining maximum accuracy. The number of pixels being classified increases when the 
threshold is reduced and the number of classified pixels decreases upon extending the 
probability threshold. 
 4.4.3   Spectral angle mapper 
The SAM method was applied to each multi-spectral band image and was based on a 
four-dimensional angle to match pixels to reference spectra made up of the digital signature of 
each training zone (Peña-Barragán et al. 2007). In the SAM method, unknown pixels in the 
image are assigned to the class with the lowest angle. A maximum angular threshold in radians 
must be specified to the SAM algorithm, so that any pixel further away than the maximum 
angular threshold is not evaluated (Kruse et al. 1993).  Several maximum angular thresholds 
varying from 0.05 to 0.40 radians were tried in increments of 0.01 radians to determine the 
angle that provided the highest accuracy. Increasing the maximum angular threshold increases 
the number of pixels being classified, whereas decreasing the maximum angular threshold 
reduces the number of classified pixels. Thus, when the maximum angular threshold is low, 
classified images with the highest likelihood of matching a pure population are produced (Lass 
et al. 2005). 
4.5   Accuracy assessments 
For each vegetation index, band ratio, waveband, probability threshold and maximum 
angular threshold classified image, a confusion matrix was created to quantify the coincidence 
between each classified and ground-truth area (Congalton 1991). The confusion matrix 
provides the overall accuracy (OA) of the classification, which indicates the percentage of 
correctly classified pixels; the producer’s accuracy (PA) indicates the probability that a 
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classified pixel actually represents that category in reality; and the user’s accuracy (UA) is 
defined as being the percentage of classified pixels of each class that coincide with the verified 
ground-truth map (Congalton 1991), and indicates its correct assessment and indicates how 
well training-set pixels were classified (Rogan et al., 2002). Overall classification accuracy 
indicates the overall success of classification; the minimum accepted value has been 
standardized at 85%. On the other hand, the Kappa test determines whether the results 
presented in the error matrix are significantly better than random or chance classification, 
indicating a more conservative estimation than simple percent agreement value (Rogan et al., 
2002). Landis and Kock (1977) suggested that a Kappa coefficient (Kc) of over 0.8 strongly 
indicates that a given classification is unlikely to have been obtained by chance alone.  
The OA, PA, UA and Kc were calculated for every one of the above-mentioned images 
to validate and assess the accuracy of the classification procedures and imagery considered. 
The selected classified imagery were those yielding the highest classification statistics in the 
confusion matrix analysis.  
The confusion matrix also provides the omission and commission errors of the 
classification. Omission error (the patch is present on the ground but not in the image, or false-
negative) indicates the proportion of pixels from cruciferous weeds that was misclassified as 
crop. Commission error (the patch was present in the image but not on the ground, or false-
positive) indicates the proportion of pixels classified as cruciferous that should have been 
classified as crop.  
4.6   Site specific treatment maps 
The classified imagery selected in the above section (i.e. those yielding the highest OA, 
PA, UA and Kc in the confusion matrix analysis and, therefore, best characterized each class i.e. 
weeds and crop, allow determination of the surface occupied by both classes (cruciferous 
patches and crop) and to develop site-specific cruciferous treatment maps for cruciferous 
weed infested areas.  
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SARI® (Sectioning and Assessment of Remote Images) software (Garcia-Torres et al. 
2008) was used to generate site-specific treatment maps from the most accurate classified 
imagery selected for each field. SARI® is designed to manage remotely sensed images for site-
specific agricultural applications and is able to produce site-specific treatment maps using 
weed-classified imagery obtained from remotely sensed data (Garcia-Torres et al. 2009). 
SARI® splits the field image into rectangular grids and classifies them according to the 
level of weed infestation within each grid. The selected classified imagery for each field were 
processed taking into account the spatial resolution of the image and the precision agricultural 
requirements such as cruciferous patch size and treatment machinery size. Grid size was 
established in 60 x 60 pixels corresponding to 15 x 15 m, since that was the treatment 
machinery size. 
To generate site-specific treatment maps, each grid was classified according to the 
percentage of weed-infested pixels in the grid. Three classes were assessed: low infestation (< 
25% infested pixels, untreated areas, 0-56 m2), medium infestation (25–50% infested pixels, 
adjusted dose areas, 57-113 m2) and high infestation class (> 50% infested pixels, treated 
areas, 114-225 m2). These classes were defined to allow the farmer to make a decision based 
on numerical results and not only on visual, subjective and arbitrary criteria. Thus, the farmer 
can either choose to not treat the grid; treat the grid at low rates adjusting the herbicide dose 
to the actual density of weeds without a loss of efficacy; or treat the grid at the normal dose, 
which is indicated on the product label. 
5. Results and Discussion 
5.1   Vegetation indices 
Mean and standard deviation of the spectral digital data of cruciferous weeds and 
crops, and wavebands and band ratios for each location were calculated (data not shown). 
Significant differences in digital data between crops and cruciferous weeds were observed in 
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most of the analysed bands and band ratios, which confirms the potential for discriminating 
cruciferous patches in winter crops during the late season.  
The classification statistics obtained in the confusion matrix (OA; Kc; and UA) for every 
waveband, band ratio and vegetation index, and the selected BDVIs providing the highest 
overall accuracy are shown in Table 2. Accuracy assessments varied according to the location 
and the crop. All the bands, band ratios and vegetation indices provided the best results for 
the discrimination of cruciferous weeds in pea, and OA values higher than 98.4% were 
obtained. Nevertheless, the NIR/B displayed OA values of 88.9% in pea. In contrast, all of the 
bands and the vegetation indices provided inferior results at Cañada Rosal-broad bean.  
 The best classification of cruciferous patches was achieved using the R/B index in 
wheat (the OA ranged from 99.5% and 88.7% at La Carlota and Montalbán Bajo) and pea (OA 
of 99.9%). The behaviour of the R/B index for broad bean was dependent on the location. For 
instance, excellent OA values (98.1%) were obtained at San Sebastián- broad bean and lower 
OA values were observed at Cañada Rosal-broad bean (OA of 71.6%). The lower accuracy 
obtained in Cañada Rosal-broad bean could be due to a kind of variability frequent in field 
conditions, which would cause some of the broad-bean plants to be slightly more advanced in 
growth stage and showing a less bright green colour. Alternatively, when the B/G ratio was 
employed, OA values greater than 81.4% were obtained in most of the locations (except in 
Cañada Rosal-broad bean). Therefore, both indices could discriminate cruciferous weeds from 
the studied crops. Satisfactory results were obtained with the R/B index and B/G ratio due to 
the colour differences between crops and weeds. Specifically, the yellow colour of cruciferous 
flowers generates high reflectance in the R and G bands, and low reflectance in the B band, 
and both indices enhance these differences. The aforementioned results were in agreement 
with those of Peña-Barragán et al. (2007), who achieved accurate classification results with R/B 
index when Ridolfia segetum patches turned yellow during the flowering phase and the 
sunflower crop was still green.  
In general, other vegetation indices such as the NDVI and the RVI provided good 
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 From an agronomic point of view, the use of broader BDVIs is recommended for the 
generation of weed maps because the area of the weed-patch surface increases with an 
increase in the broadness of the BDVI. Although the overall accuracy will be reduced, 
classification according to the BDVI should be adjusted to obtain optimal error values with 
respect to the economic treatment threshold because farmers often err on the side of treating 
weed-free crop areas rather than assuming the risk of allowing weeds to go untreated (Gibson 
et al., 2004). 
5.2   Maximum likelihood classifier 
The results obtained from the confusion matrix of the MLC using different probability 
thresholds are shown in Table 3.  In all of the crops, the highest OA, KC, and UA values were 
obtained at a probability threshold of 75%. Therefore, OA values greater than 85%, which is 
the minimum accepted value according to Thomlinson et al. (1999) and Foody (2002), were 
recorded at most locations (e.g., 99.9% in Montalbán Alto-pea, 99.0% in San Sebastián-broad 
bean and 98.6% in La Carlota-wheat). When the probability threshold is increased, fewer pixels 
are included in each category. In other words, only pixels with similar probabilities are 
included. As a result, the potential for the misclassification of cruciferous pixels is high, and 
fewer areas are classified as infested. In turn, the omission error and the number of untreated 
weed patches increases.  
5.3   Spectral angle mapper 
Table 4 shows the results obtained from the confusion matrix of the SAM classification 
method at all seven locations using different maximum angular thresholds. The maximum 
angular threshold that provided the greatest accuracy values ranged from 0.05 to 0.25 radians 
in cruciferous weeds, 0.13 in pea, 0.11 to 0.2 in broad bean, and 0.20 to 0.25 in wheat. The 
best classification results were achieved at Montalbán Alto-pea and at La Carlota-wheat, with 
OA values of 98.4% and 97.8%, respectively. The area of infested surfaces decreased when low 
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cruciferous weeds was reduced to 23.4% (Table 4), and real weed pixels (data taken on the 
ground) were misclassified (in the image), which increased the omission error and the number 
of untreated weed patches. Alternatively, if the maximum angular threshold was increased, 
the size of the infested area also increased. For example, at San Sebastián-broad bean, the 
area of the cruciferous surface rose to 58.3%. Thus, at high maximum angular thresholds, the 
probability of classifying a pixel as a weed increased, the user accuracy (UA) decreased, and 
the commission error increased. These results are in agreement with those obtained by Lass et 
al. (2005), who demonstrated that infested surfaces remained unclassified when narrow 
angles were used. Alternatively, when the widest spectral angles were employed, crops were 
incorrectly classified as infested, and the commission error increased. 
In general, the accuracy results of SAM were lower than that of the MLC or waveband 
and band ratios. The poorest results were obtained in Cañada Rosal-broad bean, where no 
classification method achieved OA higher than 85%.  
 Table 5 shows the best results obtained with the three supervised classification 
methods and the fluctuations in the total area of each class. Among the best methods, the 
following trend in the accuracy of the results was observed: R/B and B/G ratios > MLC > SAM. 
The percentage of surface classified as weeds was greater with SAM than MLC and R/B or B/G, 
except in Galván-wheat, where the infested weed area was 69.1%, 47.8%, and 45.5% for R/B, 
MLC, and SAM, respectively. The moderate accuracy results obtained with the MLC were 
attributed to the successful management of spectral variation within classes, as suggested by 
Chen et al. (2007), who demonstrated that the homogeneity of the results increased when 
outcrops were classified according to the MLC. Alternatively, SAM is a very demanding method 
that does not provide good results when the class contains large spectral variations, and low 
classification accuracies were obtained at all seven locations. 
In general, the best overall classification results were obtained when Vegetation 
Indices and MLC methods were used to discriminate weeds in peas. Thus, near optimal OA 
values of 99.9 were obtained when the R/B index and MLC were employed, and Kc values of 


















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































- 106 –                                                                                                                             Tesis Doctoral 
 
   Airborne imagery for mapping cruciferous weeds  
 
 
A.I. de Castro Megías                                                                                                                 - 107 - 
 
These results suggest that pea is the best crop for cruciferous weed discrimination. For broad-
bean, the B/G ratio and the ML provided fair OA values in San Sebastián, and Kc values of 0.92 
and 0.96 were obtained with the B/G ratio and the classifier. However, both methods did not 
achieve the minimum Kc value of 0.8 in Cañada Rosal. In wheat, the R/B index provided the 
best results in La Carlota, and OA values of 99.5% were attained. Alternatively, in El Arrecife 
and La Carlota, the MLC provided OA values greater than 98%, and Kc values greater than 0.8 
were observed. In Galván and Montalbán Bajo, both methods offered excellent classification 
results. Thus, the Vegetation Index and the MLC methods enabled weed discrimination in 
wheat, broad-bean, and pea, and OA and Kc values greater than 85% and 0.8 were obtained, 
respectively.  
5.4   Site-specific treatment maps 
Classified maps for every location were created according to the method that provided 
the best discrimination results, i.e. the R/B index was used in Montalbán Alto (pea), Galván, La 
Carlota and Montalbán Bajo (wheat), B/G was used in Cañada Rosal (broad bean), and the MLC 
was employed in San Sebastián (broad bean) and El Arrecife (wheat). In Figure 1, classified 
maps are shown for each location. To obtain site-specific treatment maps from the most 
accurate classified imagery, SARI® was used to split the field image into rectangular grids (15 x 
15 m) and classify them according to the level of weed infestation within each grid. Figure 2 
shows three examples of site-specific treatment maps for cruciferous weeds in Montalbán 
Alto-pea, San Sebastián-broad bean and El Arrecife-wheat.  
The results from San Sebastián-broad bean (Figure 2b) indicated that 95.4% (4.58 has) 
of the total area was classified as untreated because no, or very low, weed infestation was 
recorded. Alternatively, even when 4.6% (0.22 ha) of the total area was classified as 
cruciferous (Table 5), only 0.30%, i.e. 0.01 ha, should be treated with normal doses, and 4.30%, 
i .e. 0.21 ha, with adjusted or low dose due to those latter pixels being moderately infested. 
Similar results were obtained for Montalbán Alto-pea (Figure 2a) and El Arrecife-wheat (Figure 
2c) where only 16.3% (3.86 ha) and 12% (2.84 ha), and 18.5% (0.67 ha) and 9.3% (0.33 ha) of 
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Figure 2. Site-specific treatment maps for cruciferous weeds in: a) Montalbán Alto-pea, b) San 








Site-specific treatment maps can be used to identify areas that should be treated with 
herbicide and to help to determine the dose of the application; the recommended rate should 
be applied to normal treated areas and low rates should be applied to adjusted-dose treated 
areas. Thus, economic and environmental savings can be attained by applying herbicide to 
highly infested weed patches and employing adjusted doses on areas with low infestation 
rates, according to the economic threshold. If post-emergence herbicides to control 
cruciferous weeds were only applied to control infested areas, the average reduction in 
herbicide costs would be approximately 95.6%. However, if the farmer decides to treat 
moderately infested areas with low doses of herbicides, a 97.6% savings would be achieved in 
San Sebastian-broad bean. 
 Several studies have shown that herbicide rates can be reduced to levels below those 
specified on the product label, and herbicide can be applied according to the weed density 
(Holm et al. 2000). For example, Barroso et al (2004) demonstrated that the density of weed 
patches can be reduced to relatively safe levels by employing density-specific control programs 
and applying low rates of herbicide when densities are below a given level. In the present 
study, the threshold density ranged from 25 to 50% of infested pixels. Despite these 
           Crop 
           Cruciferous weeds                   
           No crop, no cruciferous            
           Crop 
           Cruciferous weeds                   
           No crop, no cruciferous            a) b) c) a) 
            Untreated areas                Treated low dose areas                 Treated normal dose areas 
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researches, it is important to remark that further research is needed to determine whether the 
strategy of using low doses can reduce the weed population low enough for long-term control.  
The results could be very useful for farmers in order to use these site-specific 
treatment maps for in-season post-emergence strategies in wheat since, in Mediterranean 
conditions and for sowing dates of early December, competition between cruciferous weeds 
and crop usually starts in middle-end April, reducing the dry weight of wheat at harvest by 27% 
(Dhima and Eleftherohorinos, 2005). That means that imagery must be taken at the beginning-
middle of April and control of these weeds must be performed before the middle-end of April 
to avoid significant reduction of growth and yield losses. 
6. Conclusions 
The results of the present study have shown that multi-spectral aerial imagery can be 
successfully used to map the area of Diplotaxis spp. and Sinapis spp. patches in cereals (wheat) 
and legumes (broad bean and pea) for the design of site-specific treatment maps. The 
construction of cruciferous weed-classified imagery based on multi-spectral aerial imagery is 
feasible when crops are at their vegetation phenological stage and are still green, and 
cruciferous weeds are at their early or full flowering phenological stage and display an 
intensive yellow colour.  
  The best results were obtained when the R/B index and B/G ratio and MLC method 
were employed, and they presented OA and Kc values greater than 85% and 0.8 in winter 
crops, respectively, in most of the locations. In particular, when weed patches were classified 
in pea according to the R/B index, OA and Kc values of 99.99% and 0.99 were obtained, 
respectively. The results indicated that the performance of the SAM method was inferior, and 
Kappa coefficients less than 0.73 were obtained at most locations. 
Cruciferous weed classified imagery were used to produce site-specific treatment 
maps for in-season post-emergence control or applications in subsequent years, and the data 
were categorised into three zones, including no treatment, treatment at the normal dose and 
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adjusted dose areas. Moreover, the results revealed that herbicide savings consisting of no 
treatment areas and herbicide low dose areas ranged from 71.7 % to 95.4 %, and from 4.3% to 
12%, respectively. 
  Due to continuous advances in remote sensing and the use of high spatial resolution 
satellite sensors for the discrimination of weeds at the country level, further research on the 
construction of cruciferous weed maps must be conducted. Moreover, low dose strategies 
should be evaluated as a long-term approach to ensure that low cruciferous infestations can 
be maintained over time. 
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1. Resumen 
En los trabajos presentados en el capítulo anterior se constató la posibilidad de 
discriminar y mapear rodales de malas hierbas crucíferas en cultivos de leguminosas y cereales 
de invierno utilizando imágenes aéreas multiespectrales, para posteriormente diseñar mapas 
de tratamiento localizado a escala parcela. En este capítulo se detallan las investigaciones 
llevadas a cabo para desarrollar una metodología que permita discriminar y mapear los rodales 
de malas hierbas crucíferas en fase tardía del cultivo utilizando imágenes del satélite QuickBird 
de alta resolución espacial, con el fin de diseñar estrategias de control localizado tanto a escala 
parcela como a escala comarcal.  
En primavera se adquirió una imagen multiespectral del satélite QuickBird (tamaño de 
píxel de 2,4m) en una zona de la  campiña de Córdoba con predominio de campos de trigo con 
alta infestación natural de malas hierbas crucíferas. En la fecha de la toma de la imagen se 
visitaron los diferentes campos para georreferenciar, con un GPS Diferencial, puntos de 
entrenamiento y datos verdad-terreno de rodales de crucíferas y de zonas de cultivo libres de 
infestación, necesarios para llevar a cabo los procesos de análisis de la imagen y la validación 
de las clasificaciones. En ese momento, el trigo mostraba el color verde, típico de la etapa de 
crecimiento vegetativo, y las crucíferas un intenso color amarillo, correspondiente a la etapa 
de floración.   
Como paso previo al proceso de clasificación, la imagen completa QuickBird fue 
segmentada para identificar los campos de trigo presentes en la misma, contabilizándose un 
total de 263 que representaron una superficie de 2.566 ha. Para el estudio a escala parcela se 
extrajeron de la imagen segmentada 6 campos de trigo infestados de forma natural por 
crucíferas, con superficies comprendidas entre 3 y 52 ha. El análisis a escala comarcal se realizó 
sobre la imagen QuickBird segmentada, formada por los 263 campos de trigo. En la figura 1 se 
presenta la imagen QuickBird original y la imagen segmentada con los campos de trigo 
presentes en la escena. 
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Figura 1. Vista de a) la Imagen QuickBird multiespectral original y b) imagen segmentada.  







Se evaluaron dos métodos de clasificación supervisada: Índices de Vegetación y 
Máxima Probabilidad. Cada método de clasificación fue evaluado a través de la Matriz de 
Confusión. En cada caso, se seleccionó el mejor método de clasificación para elaborar el mapa 
de infestación y en base a éste, diseñar los mapas de tratamiento localizado para el control en 
post-emergencia tardía de las malas hierbas crucíferas.   
Los resultados mostraron que los rodales de crucíferas fueron eficientemente 
discriminados tanto a escala parcela, es decir en cada campo individual, como a escala 
comarcal, considerando para ello la imagen completa. Los valores de exactitud global 
obtenidos en las clasificaciones llevadas a cabo a escala comarcal fueron de 91,3% y de 89,45% 
empleando el algoritmo de Máxima Probabilidad y el índice A/V, respectivamente. Se 
constató, por tanto, la enorme potencialidad de las imágenes de satélite de alta resolución 
espacial para la discriminación y mapeo de malas hierbas crucíferas, así como para el diseño de 
estrategias de control de precisión a escalas mayores de las que permiten las imágenes aéreas.  
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La elaboración de mapas de tratamiento localizado en fase tardía del cultivo a escala 
comarcal permitiría reducir la cantidad de herbicida empleada en post-emergencia, con 
ahorros en torno al 61,31% para las zonas que no requieren tratamiento y al 13,02% en 
aquellas que necesitan tratamiento herbicida a dosis reducidas.  
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2. Abstract 
This article explores the potential use of multi-spectral high-spatial resolution 
QuickBird imagery to detect cruciferous weed patches in winter wheat fields. In the present 
study, research was conducted on six individual naturally infested fields (field-scale study: field 
area ranging between 3 and 52 ha) and on a QuickBird-segmented winter wheat image (broad-
scale study: area covering approximately 263 winter wheat fields, approximately 2,656 ha) 
located in the province of Córdoba (southern Spain). To evaluate the feasibility of mapping 
cruciferous weed patches in both the field-scale and broad-scale studies, two supervised 
classification methods were used: the Maximum Likelihood Classifier (MLC) and vegetation 
indices. Then, the best classification methods were selected to develop in-season site-specific 
cruciferous weed patch treatment maps. The analysis showed that cruciferous weed patches 
were accurately discriminated in both field-scale and broad-scale scenarios. Thus, considering 
the broad-scale study, classification accuracies of 91.3% and 89.45% were obtained using the 
MLC and blue/green (B/G) vegetation indices, respectively. The site-specific treatment maps 
obtained from the best classifiers indicated that there is a great potential for reducing 
herbicide use through in-season, cruciferous weed patch site-specific control on both a field-
scale and broad-scale. For example, it can be determined that by applying site-specific 
treatment maps on a broad-scale, herbicide savings of 61.31% for the no-treatment areas and 
13.02% for the low-dose herbicide areas were obtained. 
Keywords: Vegetation indices, maximum likelihood classifier, Image segmentation, High spatial 
resolution satellite imagery. 
3. Introduction 
Cruciferous weeds are competitive broad-leaved weeds that are very abundant in 
temperate areas worldwide and reduce the yield of winter cereal crops such as wheat 
(Triticum durum L.) (Mas and Verdu 2003; Dhima and Eleftherohorinos 2005; Beres et al. 
2010). The results of recent field surveys conducted on 30,000 ha near Córdoba and Seville in 
Andalusia, southern Spain, indicated that more than 65% of the fields were infested with 
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cruciferous weeds, including Diplotaxis spp. (generally D. virgata Cav. DC. and D. muralis L. DC) 
and Sinapis spp. (generally S. arvensis L. and S. alba L.) (De Castro et al. 2009). Winter crop 
weeds are often controlled by pre-sowing herbicides in cereals (e.g., glyphosate, N-
(phosphonomethyl)glycine); however, these herbicides cannot adequately control cruciferous 
weeds, and some specific herbicides, such as triasulfuron (20%) (1-[2-(2-cloroetoxi) 
fenilsulfonil]-3-(4-metoxi-6-metil-1,3,5-triazin-2-il) urea), are usually applied at post-
emergence. Moreover, most winter crops in Mediterranean areas are produced through no-till 
or reduced tillage techniques; consequently, weeds such as the cruciferous types have become 
more problematic because they cannot be reduced by repeated tillage or cultivation. 
The cost and importance of weed control in current agricultural production means that 
accurate, up-to-date information on weed location, density, distribution and spread over time 
is essential for rational broad-scale weed management. Otherwise, the high dependence on 
herbicides and the fuel requirements of application machinery, both of which are increasing in 
price, will decrease the profitability and further sustainability of cropping systems. Weeds 
typically tend to be distributed along the direction of cultivation (Gerhards and Christensen 
2006) and occur aggregated in patches rather than uniformly across fields (Jurado-Expósito et 
al. 2003, 2009; Nordmeyer 2009). Patchy distribution mapping is necessary to prevent the 
spread of weeds to clean areas which is particularly relevant for invasive weeds, and to 
implement site-specific weed management (SSWM) only where weeds are located at densities 
greater than those that cause economic losses. This weed control strategy has tremendous 
potential to provide economic and environmental benefits. Therefore, accurate, appropriate 
and well-timed weed maps are a key component in taking full advantage of site-specific 
herbicide applications and avoiding over-application (Lamb and Brown 2001). 
 To develop SSWM practices based on maps, robust methods for weed data acquisition 
and analysis and the delineation of timely site-specific treatment zones (control maps) are 
required for further use. One of the crucial steps for weed mapping is weed monitoring, and 
researchers are actively exploring how aerial or satellite imagery can be used to delineate 
weeds within crops during the growing season. The relevance, importance and requirements 
of remote sensing in SSWM has been recently reviewed (López-Granados 2011). The detection 
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of late-season weed infestations for in-season site-specific control is feasible when the soil 
surface is completely covered (to avoid soil background reflectance), weeds are above the crop 
canopy, spectral differences between crops and weeds are greatest, and crops and weeds have 
not reached the same phenological stage. Thus, late-season weed detection maps can be used 
to design SSWM for the application of in-season post-emergence herbicides if adequate pre-
emergence control was not achieved (De Castro et al. 2012a). Alternatively, because weed 
infestations are relatively stable from year to year, applications can be carried out in 
subsequent years (Heijting et al. 2007; Jurado-Expósito et al. 2004; Zijlstra et al. 2011).  
A key issue for broad-scale weed assessment is the surface coverage at which the 
problem is analysed (Laffan 2006). Most research into the spatial analysis of late weed 
distributions using airborne multi-spectral imagery has focused on the field-scale, with study 
areas ranging from several hundred of m2 to a few km2 (Hamouz et al. 2008; Gutiérrez-Peña et 
al. 2008;  De Castro et al. 2012a), rather than on a regional-scale.  Such data provide a very 
broad picture of infestations on the local-scale but are inappropriate for SSWM decisions on a 
broad-scale (i.e., tens of km2). Satellite imagery can provide a larger area of coverage on a 
regular basis and, currently, there are three commercial satellites that acquire high-spatial 
resolution imagery: QuickBird, GeoEye-1 (Digital Globe) and Ikonos (Space-imaging). Multi-
spectral IKONOS data have been used successfully to classify invasive aquatic weeds 
(Jakabauskas et al. 2002), and QuickBird imagery has been used for the early detection of 
sterile oat (Avena sterilis) patches in barley (Martín et al. 2011) and to detect Cirsium arvense 
in a sugar beet field (Backes and Jacobi 2006). However, these authors worked in small 
experimental areas and did not analyse a broad-scale weed infestation. Therefore, knowledge 
of the spatial distribution of weed infestations over regional scales is missing, despite being 
essential for effective site-specific management and for assessing the source of weed 
populations and future threats (Laffan 2006). Such maps are required by advisors, researchers, 
and agronomy-related companies. 
To identify differences in the reflectance between cruciferous weeds and winter 
wheat, field data from different years and locations were used to analyse real field spectro-
radiometry data (De Castro et al. 2012b). The results showed that there were sufficient 
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spectral differences between cruciferous weeds and winter wheat to allow a correct 
classification using multi-spectral measurements and suggested that multi-spectral high-spatial 
resolution satellite imagery such as QuickBird can potentially discriminate cruciferous weeds in 
winter wheat at late growth stages. Therefore, the main goal of this work was to investigate 
the possibilities and limitations of multi-spectral high-spatial resolution QuickBird satellite 
imagery in discriminating and mapping cruciferous weeds in winter wheat crops for in-season 
site-specific control. The specific objectives were 1) to compare the accuracy of two different 
classification methods (vegetation indices and Maximum Likelihood Classifier, MLC); 2) to 
determine the accuracy of these supervised classification methods on a field-scale (individual 
fields selected in a QuickBird image) and a broad-scale (considering the entire QuickBird 
scene); and 3) to develop site-specific cruciferous treatment maps for in-season post-
emergence applications using the best classification methods. 
4. Materials and Methods 
4.1   Study site and satellite image acquisition 
The study was conducted in an area of approximately 102 km2 (15.76 km x 6.47 km) 
located in the province of Córdoba (Andalusia, southern Spain) (Figure 1). This agricultural area 
is representative of Andalusian dryland crops and has a typical continental Mediterranean 
climate, characterised by long dry summers and mild winters. The study scene (about 10,230 
ha) was visited to determine the main land uses: wheat (Triticum durum L.,), winter legumes 
[peas (Pisum sativum L.) and broad beans (Vicia faba L.)], olive orchards (Olea europaea L.), 
urban soil (there are three villages included in the scene: Fernán Núñez, Montalbán and La 
Rambla) and roads. 
A digital multi-spectral (blue, B: 450-520 nm; green, G: 520-600 nm; red, R: 630-690; 
NIR: 760-900 nm) QuickBird image (Figure 1a) with a spatial resolution of 2.4 m- pixel was 
taken on March 19, 2009 (spring in the experimental conditions) with a radiometric resolution 
of 16 bits. The QuickBird image was taken at off-nadir angles (0 – 25o from nadir). Prior to 
delivery, the image was radiometrically and geometrically corrected and rectified to the world  
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Figure 1. Location of the study area in Córdoba, southern Spain. The study area is depicted by QuickBird 




geodesic survey 1984 (WGS84) datum and the Universal Transverse Mercator (UTM) co-
ordinate system by the distributor. No atmospheric corrections were needed. The geo-
reference corrections were also carried out by the distributor. Pixels of the image presented 
digital counts within the range of 0 to 655352 values, which corresponded to 16 bits of 
radiometric resolution. The digital values were directly proportional to the total light reflected 
from the scene (Flowers et al. 2001). 
4.2   Satellite image pre-processing: segmentation 
Firstly, a segmentation procedure was used to identify and select the areas where 
wheat fields were present in the QuickBird scene. The QuickBird image was segmented into 
multi-pixel objects using the multi-resolution algorithm included in the commercial software 
Definiens Developer 7 (Definiens AG, Munich, Germany). Segmentation is a bottom–up region-
merging process in which the image is subdivided into homogeneous regions according to 
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by the operator, with the objective in our case of creating objects delimiting wheat crop-field 
borders. The scale parameter is an abstract term that determines the maximum allowed 
heterogeneity for the resulting image objects. The colour and shape parameters, the latter also 
affected by the smoothness and compactness parameters, define the percentage that the 
spectral values and the shape of the objects will contribute to the homogeneity criterion, 
respectively. For a complete description of this process, readers can address the Definiens 
manual (Definiens 2007). 
Settings for the segmentation parameters were determined by testing different 
segmentation output scenarios and evaluating their ability to delineate agricultural fields. An 
empirical discrepancy method (Zhang 1996) was applied to measure the quality of the 
segmentation outputs of every scenario and to assess the similarity in area and perimeter 
between segmented objects and real fields. A number of input parameters were tested, and 
finally the values of 50, 0.9, 0.1, 0.5 and 0.5 were defined for scale, colour, shape, smoothness 
and compactness, respectively, which provided the most satisfactory segmentation scenario. 
The previously described procedure resulted in a QuickBird-segmented image showing 
the spatial distribution of the homogeneous objects in the scene. The overall winter legumes, 
olive orchards, urban soil and road land uses were identified in the QuickBird-segmented 
image according to their NDVI values (NDVI is the normalised difference vegetation index 
[NDVI = (NIR-R)/(NIR+R)] (Rouse et al. 1973)). The winter wheat land use was defined by 
deleting those previous land uses (made up of winter legumes, olive orchards, and urban soil 
plus roads land uses). The accuracy of this process was measured by comparing the 
coincidence between the output of the extraction process and the real winter wheat fields 
surveyed together with those from the cadastre information. As a result of this process, a new 
QuickBird image was obtained, now named the QB-segmented winter wheat image (Figure 
1b), that showed the spatial distribution of the overall winter wheat fields. This QB-segmented 
winter wheat image delimited a total of 263 wheat fields corresponding to 2,656 ha, 
(approximately 26.6 km2, i.e., 26% of the area captured by the QuickBird image) and were used 
for the broad-scale study. The individual area of the winter wheat fields ranged between 3 and 
52 ha.  
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Most of these wheat fields were naturally and highly infested with a mixture of 
cruciferous weeds, including Diplotaxis spp. and Sinapis spp., and were farmer-managed using 
no-till production methods. Glyphosate was applied at pre-emergence at 0.7 l ha-1 for the 
control of annual weed seedlings. At this rate, the herbicide had no significant activity on 
cruciferous plants. When the QuickBird image was taken, the winter wheat crop showed the 
typical green colour of vegetative growth stage, and cruciferous weed patches displayed an 
intensive yellow colour corresponding to the flowering growth stage (Lancashire et al. 1991). 
Six of these wheat fields that were infested by cruciferous weed patches were selected and 
used for the field-scale study. These fields were identified as Fernán-Núñez, Cerro del Águila, 
La Hazuela, Los Molinos, Montalbán and La Rambla. UTM co-ordinates and area occupied for 
each field are shown in Table 1. 





Fernán Núñez 346,903.20 E 4,172,136.00 N 16.15 
Cerro del Águila 344,392.80 E 4,166,632.80 N 6.79 
La Hazuela 343,135.20 E 4,169,234.40 N 9.86 
Los Molinos 346,884.00 E 4,171,833.60 N 1.32 
Montalbán 341,608.80 E 4,160,904.00 N 23.03 
La Rambla 343,891.20 E 4,167,578.40 N 12.64 
 
4.3   Field survey: ground truth data 
The winter wheat fields were visited at the time at which the QuickBird satellite image 
was taken in order to collect and geo-reference the training points and ground truth points of 
cruciferous-free winter wheat and cruciferous weed patches to substantiate and validate the 
classification procedures. Training points and ground truth points were collected using the sub-
meter differential Global Positioning System (DGPS) TRIMBLE PRO- XRS provided with TDC-1 
unit (Trimble, Sunnyvale, CA, USA). 
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The training points and the ground truth points corresponding to cruciferous weed patches 
were collected in those areas with a cruciferous weed density above the economic threshold, 
established in ≥ 2 plants m-2 (adapted from Castro-Tendero and Garcia-Torres 1995; De Castro 
et al. 2012a). Taking into account the spatial resolution of the QuickBird image (2.4 m pixel), 
cruciferous patches were defined as having a surface area of at least 12 m2, corresponding to 
two pixels in the image, since it is necessary to have at least one or two pixels (i.e., 5.46 – 11.2 
m2) in a QuickBird image to detect one object (in our case, cruciferous weed patches) (De 
Castro et al. 2010). 
The sampling consisted of a ground visit of approximately 76 ha distributed over the 
QB-segmented winter wheat image and collecting and geo-referencing a number of points (n) 
throughout the different wheat fields present in the image, consisting of approximately 3n/4 
and n/4 for winter wheat and cruciferous weed patches, respectively, with n being the size of 
the full dataset/points, that is, 2,580 points of cruciferous-free winter wheat and 854 points of 
cruciferous weed patches. The above-mentioned dataset was randomly split in to two datasets 
for which the size of the training points data set was approximately 40% of the full data set 
and 60% for the ground truth points data set for each land use (i.e., cruciferous weed patches 
and winter wheat). The training points were used to define the spectral signature and the 
boundary digital values used in the classification routines. Ground truth points were used to 
assess the accuracy of the classification methods. 
4.4   Classification methods 
ENVI 4.6 (Research Systems Inc. 2009) was used to process and analyze the images. 
Two supervised classification methods were evaluated to examine their suitability for the 
classification of cruciferous weed patches at the field-scale (i.e., the six individual wheat fields) 
and at the broad-scale (i.e., considering the 263 wheat fields of the QB-segmented winter 
wheat image). The classification methods evaluated were vegetation indices and the MLC. 
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 4.4.1   Vegetation indices 
The four multi-spectral bands (B, G, R and NIR), four band ratios (B/G, R/G, NIR/B and 
NIR/G), and three vegetation indices (NDVI, the ratio vegetation index (RVI = NIR/R) (Jordan 
1969), the R/B index (Everitt and Villarreal 1987), and difference vegetation index (DVI = NIR-R) 
(Jordan 1969), derived from them were used. The mean and standard deviation of the digital 
values of every class (i.e., cruciferous weed patches and winter wheat) were calculated for 
each waveband, vegetation index and band ratio and were subjected to analysis of variance. 
The means of the cruciferous weed patches and winter wheat were separated at the 0.01 level 
of significance by an LSD test using SPSS software (SPSS 13.0, Inc., Chicago; Microsoft Corp., 
Redmond, WA, USA).  
Boundary digital values intervals (BDVIs) were used to define each region in an 
iterative manner, based on the information provided by the training points of each class. These 
data were established according to the statistical values obtained from the training points, 
adding and reducing the standard deviation to the average. The BDVIs were those that better 
discriminated the two classes (cruciferous weeds patches and winter wheat), providing the 
highest statistical accuracy. Every waveband image, band ratio or vegetation index, was 
classified according to the BDVI that best characterized each class. 
4.4.2   Maximum likelihood classifier 
The MLC method was used to calculate the probability that a given pixel belongs to 
one of the predefined classes (winter wheat and cruciferous weed patches), taking into 
account the variability in each training zone. The pixel is then assigned to the class to which it 
most likely belongs, i.e. the class with the highest probability value (Jensen 2005). Therefore, a 
probability threshold must be specified in the MLC algorithm to disregard pixels with low 
probability values. Probability thresholds of 50% to 95% were tested in 5% increments to 
determine the optimal probability for obtaining maximum accuracy. The number of pixels 
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being classified increases when the threshold is reduced and the number of classified pixels 
decreases upon extending the probability threshold. 
4.4.3   Accuracy assessments 
A key concern in remote sensing is quantifying the coincidence between the estimated 
map and the ground-truth map. To avoid any subjective estimation, for each waveband, band 
ratio, vegetation index, and probability threshold of the MLC algorithm classified image, a 
numerical confusion matrix analysis was used to determine the accuracy of the method by 
comparing the percentage of classified pixels of each class with the verified ground truth class, 
subsequently indicating the correct assessment and the errors between the classes studied 
(Congalton 1991). The confusion matrix provides the Overall Accuracy (OA) of the 
classification, which indicates the percentage of correctly classified pixels, the user’s accuracy 
for winter wheat (UAw) and the user´s accuracy for cruciferous weed patches (UAc). The last 
two accuracies are defined as the percentage of classified pixels of each land use, winter 
wheat or cruciferous weed patches, that coincide with the verified ground-truth map and 
indicate its correct assessment and how well the training-set pixels were classified (Rogan et 
al. 2002). Overall classification accuracy shows the overall success of classification; the 
minimum accepted value has been standardised to 85% (Foody 2002).  
The OA, UAw and UAc were calculated for every waveband, band ratio vegetation 
index, and probability threshold classified images to validate and assess the accuracy of the 
considered classification procedures and imagery. The selected classified imagery was that 
which yielded the highest classification statistics in the confusion matrix analysis. 
4.5   Site-specific treatment maps 
The classified imagery selected in the above section, i.e., those yielding the highest OA, 
UAw and UAc in the confusion matrix analysis, and therefore that best characterised each land 
use (i.e., cruciferous weed patches and winter wheat across the QB-segmented winter wheat 
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image), allowed determination of the total area occupied by both land uses in the individual 
fields (field-scale study) and the QB-segmented winter wheat image (broad-scale study) and to 
develop site-specific cruciferous weed patch treatment maps.  
SARI® (Sectioning and Assessment of Remote Images) software (García-Torres et al. 
2008; Gómez-Candón et al. 2012a) was used to generate site-specific treatment maps from the 
most accurate classified imagery selected both for the individual fields and for the QB-
segmented winter wheat image. SARI® is designed to manage remotely sensed images for site-
specific agricultural applications and is able to produce site-specific treatment maps using 
weed-classified imagery obtained from remotely sensed data (García-Torres et al. 2009; 
Gómez-Candón et al. 2012b). SARI® split the different wheat fields present in the image into 
rectangular grids and classified them according to the level of weed infestation within each 
grid. The selected classified image was processed by taking into account the spatial resolution 
of the image and the precision agricultural requirements such as cruciferous weed patch size 
and treatment machinery size. Grid size was established in 6 x 6 pixels corresponding to 
approximately 15 x 15 m because this size is the usual treatment machinery size in the study 
area. To generate site-specific treatment maps, each grid was classified according to the 
percentage of weed infested pixels in the grid. Three classes were assessed: low infestation (< 
25% infested pixels, untreated areas), medium infestation (25–50% infested pixels, low dose 
areas) and high infestation (> 50% infested pixels, normal dose treated areas). These classes 
were defined to allow the farmer to make a decision based on numerical results rather than 
purely on visual, subjective and arbitrary criteria. Thus, the farmer can either choose to not 
treat the grid; treat the grid at low rates by adjusting the herbicide dose to the current density 
of cruciferous weeds without a loss of efficacy; or treat the grid at the normal dose, which is 
indicated on the product label. 
5. Results  
5.1   Vegetation indices 




A.I. de Castro Megías                                                                                                                 - 135 - 
 
The mean and standard deviation of the spectral digital data of cruciferous weed 
patches and winter wheat as well as the wavebands and band ratios for each of the six 
individual fields and for the QB-segmented winter wheat image were calculated (data not 
shown). Significant differences in the digital data between winter wheat and cruciferous weed 
patches were observed in most of the analysed multi-spectral wavebands, band ratios and 
vegetation indices (data not shown), which confirms the potential for discriminating 
cruciferous weed patches in winter wheat during the late season using QuickBird satellite 
imagery, as previously suggested (De Castro et al. 2012b).  
The selected BDVIs providing the highest overall accuracy for wheat and cruciferous 
weed patches and the classification statistics obtained in the confusion matrix (OA, UAw and 
UAc) for all multi-spectral wavebands, band ratios and vegetation indices, in every individual 
field considered (field-scale study), are shown in Table 2. Digital values for the B, G and R 
wavebands were higher for cruciferous weed patches than for winter wheat in all individual 
fields selected, except in La Rambla; whereas the opposite occurred for NDVI, RVI and B/G. 
These results agree with those of previous studies (Lamb and Weedon 1998; Peña-Barragán et 
al. 2007), which suggested that green vegetation pixels corresponding to crops are expected to 
have higher NDVI values than the yellow vegetation pixels corresponding to flowering plants 
because the NDVI measures the vigour of vegetation. 
Accuracy assessments varied slightly according to the fields. Most of the multi-spectral 
bands and vegetation indices provided optimum results for the discrimination of cruciferous 
weed patches and winter wheat, with OA values higher than 85%, which is the minimum 
accepted value according to earlier studies (Thomlinson et al. 1999; Foody 2002). Specifically, 
when the G, R and NIR wavebands and the DVI, B/G and R/B vegetation indices were used, 
OA% values greater than 87.33% were obtained in all the fields (except in La Rambla). 
Therefore, all these bands and vegetation indices could successfully discriminate cruciferous 
weed patches from winter wheat (Table 2). 
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Table 2. Boundary Digital Values Intervals (BDVIs) selected for wheat and cruciferous weed patches, 
classification statistics for multi-spectral bands, band ratios and vegetation indices at every individual 
field (field-scale study). The values given in bold represent Overall Accuracy best performance. 
Field    BDVIs     Statistics   
    WB/VI  wheat CWP  OA (%) UAW UAC 
Fernán Núñez  B  154-173 174-188  80.49 87.53 51.75 
  G  193-238 239-273  91.71 93.31 84.16 
  R  85-121 122-149  84.11 88.07 63.44 
  NIR  621-778 779-953  90.67 92.68 81.19 
  NDVI  0.741-0.80 0.71-0.74  58.80 82.50 26.29 
  DVI  497-678 679-830  87.74 89.49 77.38 
  RVI  6.71-8.91 6.09-6.70  64.99 82.33 28.47 
  B/G  0.73-0.84 0.64-0.72  92.98 95.29 82.11 
  R/B  0.54-0.69 0.70-0.84  86.47 90.28 65.48 
  R/G  0.42-0.50 0.51-0.56  75.99 83.45 35.37 
  NIR/B  3.49-4.84 4.85-5.61  84.87 85.23 80.85 
  NIR/G  3.54-4.01 2.53-3.53  42.57 90.08 25.61 
          
Cerro del Águila  B  169-190 191-211  88.78 90.00 75.00 
  G  215-265 266-336  91.21 92.65 80.00 
  R  106-147 148-180  87.62 89.61 67.86 
  NIR  493-727 728-891  91.86 93.66 79.49 
  NDVI  0.52-0.69 0.70-0.74  81.88 87.70 40.00 
  DVI  344-571 572-731  89.90 94.19 67.35 
  RVI  3.21-5.63 5.64-6.59  83.00 87.41 43.33 
  B/G  0.70-0.80 0.62-0.69  91.72 94.14 73.53 
  R/B  0.60-0.75 0.76-0.93  80.47 92.61 38.81 
  R/G  0.47-0.57 0.58-0.64  84.56 85.27 50.00 
  NIR/B  2.69-3.72 3.73-4.54  87.50 97.00 56.34 
  NIR/G  1.88-2.79 2.80-3.21  85.08 88.93 54.55 
          
La Hazuela  B  159-166 167-204  95.78 62.50 97.25 
  G  207-224 225-327  97.10 80.00 97.80 
  R  98-110 111-196  97.10 84.62 97.54 
  NIR  683-686 687-1102  98.89 71.43 99.62 
  NDVI  0.71-0.73 0.57-0.70  76.01 9.23 97.09 
  DVI  562-585 586-934  90.91 27.27 100.00 
  RVI  5.88-6.38 3.63-5.87  79.42 11.29 96.39 
  B/G  0.75-0.78 0.59-0.74  97.85 91.67 98.06 
  R/B  0.60-0.69 0.70-0.98  96.49 63.13 98.29 
  R/G  0.45-0.48 0.49-0.62  95.39 60.00 95.88 
  NIR/B  3.79-4.10 4.11-5.81  81.61 25.35 99.12 
  NIR/G  2.88-2.90 2.07-2.87  93.01 22.22 96.61 
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(Table 2. contiued)  
Los Molinos  B  168-212 213-225  94.00 93.79 100.00 
  G  227-278 279-324  94.00 96.97 55.56 
  R  11-177 178-191  93.33 94.37 75.00 
  NIR  597-701 702-720  87.33 92.09 27.27 
  NDVI  0.62-0.73 0.54-0.61  90.78 95.31 46.15 
  DVI  484-604 459-483  86.90 91.79 27.27 
  RVI  4.24-6.39 3.41-4.23  89.66 95.31 47.06 
  B/G  0.71-0.80 0.64-0.70  88.10 99.02 41.67 
  R/B  0.62-0.80 0.81-0.92  89.26 95.42 44.44 
  R/G  0.46-0.55 0.56-0.58  88.00 95.50 28.57 
  NIR/B  3.41-4.26 3.06-3.40  83.10 95.65 29.63 
  NIR/G  2.38-3.13 2.01-2.37  88.36 96.77 40.91 
          
Montalbán  B  162-182.9 183-247  92.58 95.68 81.76 
  G  209-250 251-409  94.54 95.15 91.97 
  R  95-130 131-286  93.56 93.71 92.86 
  NIR  676-828 829-1061  89.50 90.48 84.35 
  NDVI  0.72-0.79 0.43-0.71  83.87 85.22 72.22 
  DVI  545-729 730-918  87.20 87.05 88.46 
  RVI  5.76-8.71 2.51-5.75  83.33 83.46 81.82 
  B/G  0.72-0.85 0.60-0.71  91.72 91.54 92.78 
  R/B  0.57-0.71 0.72-1.158  93.46 92.89 96.43 
  R/G  0.44-0.51 0.52-0.70  87.77 88.95 79.76 
  NIR/B  3.86-4.69 2.91-3.85  86.15 86.34 78.57 
  NIR/G  3.87-4.02 1.75-3.86  82.69 82.88 79.41 
          
La Rambla  B  177-204 173-176  70.27 66.67 80.00 
  G  260-311 246-259  70.27 86.36 63.64 
  R  136-195 115-135  67.53 86.36 60.00 
  NIR  745-824 825-976  70.37 70.37 70.37 
  NDVI  0.57-0.74 0.75-0.78  74.24 67.92 100.00 
  DVI  516-648 649-859  68.83 68.89 68.75 
  RVI  3.71-6.93 6.94-8.34  75.00 68.33 100.00 
  B/G  0.63-0.68 0.69-0.73  65.08 87.50 57.45 
  R/B  0.74-0.96 0.64-0.73  67.14 80.00 60.00 
  R/G  0.50-0.63 0.46-0.49  67.69 66.67 70.00 
  NIR/B  3.55-4.31 4.32-5.55  71.05 71.43 70.59 
    NIR/G   2.33-3.28 3.29-3.97   71.43 67.92 79.17 
WB: multi-spectral wavebands, bands ratios and VI: vegetation indices.   
OA: overall accuracy (%). UAw: user accuracy for wheat (%); UAc: user accuracy for cruciferous weed 
patches (%). 
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The best classification of cruciferous weed patches was achieved with the B/G index 
(the OA ranged from 92.81% in Fernán Núñez to 97.85% in La Hazuela), and satisfactory results 
were obtained with the NIR, R and G wavebands due to the spectral differences between 
cruciferous weeds and wheat. Specifically, the yellow colour of cruciferous flowers generates 
high reflectance in the R and G bands and low reflectance in the B band, and therefore, the 
B/G and R/B vegetation indices enhance these differences. These results are in agreement with 
those of a previous study (Peña-Barragán et al. 2007), in which accurate classification results 
were achieved with the R/B index when Ridolfia segetum (corn caraway) patches turned 
yellow during the flowering phase and the sunflower crop was still green. Furthermore, these 
findings are in close agreement with results obtained previously by other researchers (Gómez- 
Casero et al. 2010; Koger et al. 2003; López-Granados et al. 2006) who studied late-season 
weed discrimination when spectral differences between crop and weeds prevail, e.g., when a 
flowering or still-green weed is present in the vegetative growth stage or in early senescent 
crops. 
The lower OA obtained in La Rambla could be due to the variability inherent to this 
farmer-managed field study; i.e., this field could have been sown at an earlier sowing date. 
This circumstance could cause changes in the crop growth stage compared to the other fields. 
Thus, when the field survey was carried out to obtain the ground truth data, we recorded that 
the winter wheat plants showed a slightly more advanced growth stage and a less bright green 
colour, while cruciferous weeds were in full bloom. These differences in the crop growth stage 
in this location can produce changes in the spectral values in such a way that digital values of 
the more advanced growth crop plants were more similar to those of the full flowering weeds. 
Furthermore, in this field, the cruciferous weed patches were sparse and showed a mixture of 
cruciferous weeds and wheat within the pixel. With regards to the UAc, cruciferous weed 
patches were discriminated at 100% by NDVI and RVI, indicating how well the training-set 
pixels were classified using these vegetation indices and conferring consistency to the results.  
The main objective of this research was to test whether it is possible to distinguish 
cruciferous weed patches on a broad-scale using remote sensing datasets from the QuickBird 
satellite image; therefore, a similar classification process was carried out to that described 
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above using the data set obtained after the segmentation process, i.e., using the QB-
segmented winter wheat image (Figure 1b). As stated in the Materials and Methods section, 
this image delimited a total of 263 winter wheat fields corresponding to 2,656 ha 
(approximately 26.6 km2, i.e., 26% of the area captured by the QuickBird image). 
In the same way as was observed in the individual fields, significant differences in the 
digital data between winter wheat and cruciferous weed patches were observed in most of the 
analysed multi-spectral wavebands, band ratios and vegetation indices, which confirm the 
potential for discriminating cruciferous weed patches in winter wheat on a broad-scale (data 
not shown). 
 The selected BDVIs providing the highest overall accuracy for winter wheat and 
cruciferous weed patches as well as the classification statistics obtained in the confusion 
matrix (OA, UAw and UAc) for all multi-spectral wavebands, band ratios, vegetation indices in 
the QB-segmented winter wheat image are shown in Table 3. BDVIs for B/G and R/B indices 
(i.e., the indices that provided the best classification results for the cruciferous weed patches 
in the field-scale study) obtained for the QB-segmented winter wheat image were slightly 
broader than those obtained for the individual fields. That is, the amplitude range for the B/G 
index was 0.09, 0.10 and 0.03 in Los Molinos, Cerro del Águila and La Hazuela, respectively, 
and 0.13 in the QB-segmented winter wheat image. From an agronomic point of view, the use 
of broader BDVIs is recommended for the generation of weed maps because the area of the 
weed-patch area increases with an increase in the broadness of the BDVI. Although the overall 
accuracy can be reduced, classification according to the BDVI should be adjusted to obtain 
optimal error values with respect to the economic treatment threshold because farmers often 
err on the side of treating weed-free crop areas rather than assuming the risk of allowing 
weeds to go untreated (Gibson et al. 2004). 
Accuracy assessments varied according to the wavebands, band ratios and vegetation 
indices analysed (Table 3). The best classification of the cruciferous weed patches was 
achieved with a B/G index with an OA of 89.45%, although satisfactory results were also 
obtained with the G band (83.71%), NIR band (84.81%) and R/B index (82.29%). In general, the 
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classification statistics obtained with the vegetation indices classification method of the 
QuickBird-segmented winter wheat image yielded slightly lower results than the field-scale 
classifications; nevertheless, an OA > 80% was achieved in the broad-scale study. This 
percentage of success can be considered to be satisfactory according to results from previous 
broad-scale studies using QuickBird satellite imagery for mapping invasive aquatic weeds 
(Everitt and Yang 2007), differentiating wetland vegetation (Everitt et al. 2004), or detecting 
diseases in trees (Santoso et al. 2011; Coops et al. 2006). The results are also consistent with 
those of other authors, e.g. Thomlinson et al. 1999, who reported that the criteria for 
successful land cover categorisation was not only an 85% minimum overall but also the 
inclusion of no class with less than 70% accuracy. Thus, one study (Yu et al. 2006) established 
that an overall classification accuracy surpassing 60% could be considered satisfactory when 
mapping complex or broad-scale vegetation classifications. 
* WB: multi-spectral wavebands, bands ratios and VI: vegetation indices. 
OA: overall accuracy (%). UAw: user accuracy for wheat (%); UAc: user accuracy for cruciferous weed 
patches (%). 
Table 3. Boundary Digital Values Intervals (BDVIs) selected for wheat and cruciferous weed 
patches, classification statistics with multi-spectral bands, band ratios and vegetation indices at 
QuickBird-segmented winter wheat image (broad-scale study). The values given in bold represent 
Overall Accuracy best performance. 
   BDVIs        Statistics   
 WB/VI*   Wheat CWP  OA (%) UAW UAC 
B  154-181 182-247  77.12 82.53 51.38 
G  193-252 253-409  83.71 89.57 64.88 
R  85-130 131-286  79.54 87.67 55.69 
NIR  493-815 816-1102  84.41 85.11 79.76 
NDVI  0.73-0.81 0.66-0.72  63.92 84.09 34.65 
DVI  319-712 713-934  81.83 82.31 77.26 
RVI  5.85-9.47 3.09-5.84  61.17 80.76 29.89 
B/G  0.71-0.84 0.58-0.70  89.45 92.62 77.85 
R/B  0.52-0.73 0.74-1.16  82.29 89.00 60.54 
R/G  0.41-0.51 0.52-0.70  69.81 85.47 36.32 
NIR/B  2.54-4.81 4.82-5.81  80.08 80.95 70.20 
NIR/G   3.13-4.23 2.95-3.12   71.55 81.03 33.16 
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5.2   Maximum likelihood classifier  
The results obtained from the confusion matrix of the MLC using a probability 
threshold of 85% at the field-scale and broad-scale considered in the study are shown in Table 
4. The MLC classification method yielded better results than the vegetation indices procedure. 
Considering the MLC method and the field-scale study, OAs greater than 91% were achieved, 
except in La Rambla, where OA was lower than 85% (value standardised to indicate the overall 
success of classification), as also reported in the vegetation indices analysis. The QB-
segmented winter wheat image MLC classification yielded better results than the field-scale 
classifications, showing an OA of 91.30%, UAw of 94.89 and UAc of 84.81%. 
OA: overall accuracy (%). UAw: user accuracy for wheat (%); UAc: user accuracy for cruciferous weed 
patches (%). 
Table 5 summarises the best results obtained with the two supervised classification 
methods for field-scale and broad-scale (QB-segmented winter wheat image), and the 
fluctuations in the total area of each class classified. Among the best methods, the following 
trend in the accuracy of the results was observed: MLC > B/G ratio > G waveband > R 
waveband > NIR waveband. Generally, the percentage of surface area classified as cruciferous 
weed patches was greater with the MLC classification method than when using vegetation 
Table 4. Classification statistics with Maximum Likelihood Classifier at 85 % of probability 
threshold at each individual field (field-scale study), and at QuickBird-segmented winter wheat 
image (broad-scale study). The values given in bold represent Overall Accuracy best performance. 
Field 
      Statistics   
  OA (%)   UAW UAC 
Fernán Núñez  95.68  98.88 84.81 
Cerro del Águila  91.30  96.03 69.70 
La Hazuela  97.36  71.43 99.06 
Los Molinos  93.33  94.19 75.00 
Montalbán  95.56  97.89 87.63 
La Rambla  67.44  68.00 66.67 
QuickBird-segmented winter wheat 
image 
  91.3   94.89 84.81 
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indices in all the individual fields except those in Los Molinos, where the infested cruciferous 
weed area was 5.30% and 7.58% for the MLC and the R waveband, respectively. 
 
Similarly, the analysis of the QB-segmented winter wheat image revealed that 
infestation of winter wheat fields with cruciferous weeds was apparent throughout the study 
site, occurring in almost 70% of the winter wheat fields with an area ≥ 3 ha, i.e., 184 out of the 
263 winter wheat fields delimited in the QB-segmented winter wheat image were infested by 
cruciferous weeds (Table 6). The percentage of the surface area infested by cruciferous weed 
patches in the winter wheat fields was classified as low (infestation level ≤ 20 % of the field 
Table 5. Classification statistics and area occupied for each land use using different classification 
methods  at each individual field (field-scale study) and at QuickBird-segmented winter wheat image 
(broadl-scale study)  
Locations Land  Use 
 VI  MLC  
   OA%  UA% Area (%)  OA%  UA% Area (%) 
Fernán Núñez Cruciferous  
B/G 92.98 
82.11 23.03  
95.68 
84.81 29.91 
 Whea  95.2 66.56  98.88 66.19 
           
Cerro del Águila Cruciferous  
NIR 91.86 
79.49 20.62  
91.30 
69.70 42.56 
 Wheat  93.66 71.43  96.03 51.55 
           
La Hazuela Cruciferous  
B/G 97.85 
98.06 91.38  
97.36 
99.06 87.42 
 Wheat  91.67 4.36  71.43 12.37 
           
Los Molinos Cruciferous  
R 93.33 
75.00 7.58  
93.33 
75.00 5.30 
 Wheat  94.37 68.94  94.19 78.79 
           
Montalbán Cruciferous  
G 94.54 
91.97 36.73  
95.56 
87.63 40.95 
 Wheat  95.15 58.32  97.89 54.49 
           
La Rambla Cruciferous  
RVI 75.00 
100.0 31.41  
67.44 
66.67 57.12 
 Wheat  68.33 66.14  68.00 41.69 







77.85 33.96  
91.30 
84.81 38.69 
Wheat   92.62 57.63  94.89 57.40 
   
  
   
 
  
VI: vegetation indices, MLC: Maximum likelihood Classifier at 85 % of probability threshold  
OA (%): overall accuracy (%). UA: User accuracy (%), Area (%): percent of surface occupied for each 
land use. 
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area) in 37 % of the wheat fields (a total of 68 fields) and as medium (infestation level > 21 % 
and < 50 % of surface infested) in 40 % of the winter wheat fields. Meanwhile, the percentage 
of winter wheat fields classified as high (infestation level exceeding 50 % of the field area 
infested by cruciferous weeds) was below 25 % of the fields (a total of 43 fields). Regarding the 
MLC classification, the field-scale study follows this trend, and the individual fields can be 
classified as follows: low infestation level: Los Molinos; medium infestation level: Fernán 





Table 6. Levels of infestation and ranges of infested surface (%) by cruciferous weed patches at the 
QuickBird-segmented winter wheat image (broad-scale study). 
 Infestation level 
 
 
Ranges of infested 
area 
(%) 





Field  Size 
(ha) 
Low 0.1-10 34 18.5 17.22 
(≤ 20%) 11-20 34 18.5 11.61 
   ∑ 68 ∑37  
     
Medium 21-30 25 13.8 11.80 
(21-50 %) 31-40 22 12.0 9.23 
 41-50 26 14.2 8.58 
  ∑73 ∑40  
     
High 51-60 15 8.1 13.05 
(≥ 51 %) 61-70 12 6.4 11.56 
 71-80 10 5.3 6.75 
 81-90 6 3.2 6.94 
  > 90 0 0 --- 
   ∑43 ∑23  
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5.3   Site-specific treatment maps 
Classified maps for every individual field (field-scale, Figure 2) and for the QB-
segmented winter wheat image (broad-scale, Figure 3) were created according to the method 
that provided the best classification results; i.e., the MLC method was used in Fernán-Núñez, 
Los Molinos and Montalbán; the NIR waveband in Cerro del Águila; the B/G ratio in La Hazuela; 
the RVI index in La Rambla; and the MLC method in the QB-segmented winter wheat image. To 
obtain site-specific treatment maps from the most accurate classified imagery, SARI® software 
was used to split the field images into rectangular grids (15 m x 15 m) and classify them 
according to the level of cruciferous weed infestation within each grid. Figure 4 shows the site-
specific treatment maps for cruciferous weed patches in the field-scale study. The results from 
Fernán Núñez (Figure 4a) indicated that almost 70% (11.6 ha) of the total area was classified as 
untreated because no, or very low, cruciferous infestation was recorded. Similar results were 
obtained for Cerro del Águila (Figure 4b), where only 8.84% (0.6 ha) and 11.78% (0.8 ha) of the 
total area should be treated with a normal and low dose of herbicide, respectively. 
Alternatively, in Montalbán (Figure 4e), even when almost 41% of the total area was classified 
as cruciferous weed patches (see Table 5), only 27% (6.4 ha) should be treated with a normal 
dose and 13% (3 ha) with a low dose. 
The site-specific treatment for cruciferous weed patches in the broad-scale study (QB-
segmented winter wheat image) is shown in Figure 5. The results showed that 61.31% (i.e., 
1,628.96 ha) of the total wheat crop area was classified as untreated, and although almost 39% 
(1,027.84 ha) of the total area was classified as cruciferous weed patches, only 25.66% (681.87 
ha) should be treated with the normal dose, whereas 13% (345.97 ha) should be treated with 
an adjusted or low dose due to those latter areas being only moderately infested.  
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Figure  3. Classified maps for QuickBird-segmented winter wheat image.  In parenthesis the classification 
method used.         
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Figure 5. Details of in-season site-specific treatment maps for cruciferous weeds patches in the 
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6. Discussion 
The main objective of this research was to determine the suitability of QuickBird 
satellite imagery for the classification and mapping of cruciferous weeds in winter wheat crops 
in field-scale and broad-scale scenarios, using vegetation indices and MLC classifications to aid 
in delineating in-season site-specific management zones. Our results show that the spatial 
distribution and mapping of cruciferous weed patches within a winter wheat crop was 
successfully achieved with satisfactory accuracies in several of the methods applied. This 
allowed use of those maps to design timely in-season post-emergence treatments in order to 
carefully target herbicide use. These techniques have been particularly useful for SSWM in our 
broad-scale study when farmers or advisors need a fast and cost-effective tool to control these 
weeds or when winter wheat crops are in large and inaccessible areas for on-ground surveys. 
Thus, by developing site-specific treatment maps in the QB-segmented winter wheat image, 
the herbicide savings were 61.31% and 13.02% for no-treatment areas and low-dose areas, 
respectively. Holm et al. (2000) showed that herbicide rates can be reduced to levels below 
those specified on the product label according to weed density. Following this strategy, 
herbicide savings could be around 68% in the present study. 
The statistical results are consistent in both field-scale and broad-scale studies. This is 
very helpful because a specific experimental design was not constructed; rather, many real 
wheat fields were analysed that likely had slightly different sowing dates and cropping 
systems, which are exogenous factors that can result in complications. This situation was 
already discussed when analysing the slightly lower OA at La Rambla location in the field-scale 
study for any of the classification techniques applied. Regardless, the fact that satisfactory 
results were obtained across different locations and fields in several of the classification 
methods tested confers reliability to the study and offers the possibility to extrapolate the 
results to wider agricultural areas (farming states and districts) for different levels of weed 
management in order to decrease herbicide use in an environmental friendly manner. This is 
particularly relevant considering that QuickBird imagery is cheap, can cover a much larger 
agricultural area than that analysed in this study and is available worldwide. 
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Another interesting aspect of the research presented herein is that cruciferous weed 
maps can be used very close to the time of herbicide spraying in the current crop season (in-
season) in such way that it is not necessary to wait for the following cropping season. This is 
important because it is therefore not required to create a prediction map of the spatial 
persistence of weed patches next season, which is complex and highly dependent on the 
stability of every weed species and each annual climatic and cropping systems variation, as 
previously reported (López-Granados et al. 2006; Martín et al. 2011). Consequently, following 
the research strategy, detection of cruciferous weeds was avoided in wheat when they are at 
early growth stage (seedling phase) and show similar spectral characteristics. According to 
previous work (López-Granados 2011), seedling weed detection in early wheat would have 
required either airborne hyperspectral imagery or imagery from unmanned aerial vehicles. 
Hyperspectral remote sensing offers the spectral resolution (usually hundreds of narrow and 
contiguous wavelengths, usually less than 10 nm wide) for achieving this aim; however, it is 
generally more expensive and covers a much smaller surface area. Imagery from unmanned 
aerial vehicles offer the spatial resolution (pixel size from several millimetres to a few 
centimetres), but they are unsuitable for the broad-scale scenario present in this research. 
Therefore, it is recommend that mapping broad-scale cruciferous weeds is most efficiently 
undertaken at late growth stages and using high-spatial-resolution QuickBird imagery.  
The study is included in a broader research programme to investigate the 
opportunities and limitations of remote sensed imagery in accurately mapping cruciferous 
weeds in winter crops. As a first step, the potential to identify variations in weed hyperspectral 
and multi-spectral on-ground signatures across different years and locations was explored (De 
Castro et al. 2012b). In that investigation, it was concluded that the next step would be to 
determine whether QuickBird satellite imagery could potentially distinguish these weeds 
within crops. Therefore, the present study contributes to the overall research program by 
showing that this remote imagery has the spatial and spectral resolutions required to achieve 
the main objective. 
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7. Conclusions 
The results of the present study have shown that multi-spectral and high-spatial 
resolution QuickBird imagery is a new, reliable and feasible possibility for mapping cruciferous 
weed patches in wheat crops at the field-scale (field area range between 3 and 52 ha) and the 
broad-scale (approximately 2,656 ha) when winter wheat is at the vegetation stage and still 
green and cruciferous weeds patches are at early or full flowering stage and display an 
intensive yellow colour. For the field-scale study, the best results (OA values greater than 85%) 
were obtained when the MLC classifier and B/G ratio were employed. In particular, the MLC 
method showed an OA higher than 91% in five of the six individual fields analysed. 
Generally, the classification statistics obtained with the vegetation indices and MLC 
classification method in the QB-segmented winter wheat image (broad-scale) yielded slightly 
lower results than for field-scale classifications, possibly due to typical variations present 
among a wide number of sites. Nevertheless, OA values higher than 89% were obtained when 
the B/G ratio and MLC were applied. Cruciferous weed patch imagery classified with the MLC 
method was used to produce site-specific treatment maps for in-season post-emergence 
treatment control on a field-scale and broad-scale. The data were categorised in three zones, 
including no treatment, treatment at a normal dose and treatment at an adjusted dose. By 
applying site-specific treatment maps to the QB-segmented winter wheat image, the herbicide 
savings consisting of no-treatment areas were 61.31% and were 13.02% for low-dose areas. 
The aim of the study was to develop classification techniques appropriate for the 
accurate identification of cruciferous weeds in winter wheat crops at a field-scale and a broad-
scale using QuickBird satellite imagery. The results indicate that, compared to traditional 
uniform applications, site-specific cruciferous weed management reduced herbicide 
application and can contribute to the profitability and sustainability of cropping systems. 
Currently, there is available site-specific technology for farmers to implement SSWM; however, 
the main limitations and the bottleneck for adopting this technology are the access to 
perception systems and the development of classification techniques capable of monitoring 
crop and weeds. The use of multi-spectral high-spatial resolution satellite imagery for mapping 
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weed patches on a broad-scale can help to solve this gap in order to implement widespread 
adoption of SSWM and reduce costs. 
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Conclusiones Generales 
El objetivo general de esta Tesis Doctoral ha sido desarrollar una metodología robusta 
y precisa para la detección de rodales de malas hierbas crucíferas en estado fenológico tardío 
en cultivos de invierno (trigo, habas y guisantes), mediante la aplicación de técnicas de 
teledetección en imágenes aéreas y en imágenes de alta resolución espacial del satélite 
QuickBird, que permita la planificación de estrategias de control localizado en situaciones de 
post-emergencia en la misma campaña y/o de pre-emergencia en sucesivos años.  
Este objetivo general se ha desarrollado a través de los siguientes objetivos 
específicos: 
1. Medir la firma espectral de trigo, habas y malas hierbas crucíferas (principalmente 
Diplotaxis spp. y Sinapis spp.) mediante el empleo de espectrorradiómetro de campo y 
analizar estadísticamente los datos hiperespectrales y multiespectrales obtenidos para 
seleccionar las longitudes de onda, bandas e índices de vegetación así como el momento 
más adecuado para la discriminación entre el cultivo y las malas hierbas. 
2. Evaluar el uso de imágenes aéreas para elaborar mapas de infestación de rodales de 
Diplotaxis spp. y Sinapis spp. en estado fenológico tardío en cultivos de invierno mediante 
técnicas de teledetección y desarrollar mapas de manejo localizado para su uso en 
agricultura de precisión. 
3. Evaluar las posibilidades y limitaciones del uso de imágenes multiespectrales de satélite 
de alta resolución espacial (QuickBird) para discriminar y mapear rodales de Diplotaxis 
spp. y Sinapis spp. en cultivos de trigo, y elaborar mapas de tratamientos localizados tanto 
a escala parcela como a escala comarcal. 
Esta Tesis Doctoral ha contribuido a demostrar que las técnicas de teledetección 
utilizadas son una herramienta útil y de elevada exactitud para la discriminación de rodales de 
malas hierbas crucíferas (Diplotaxis spp. y Sinapis spp.) en cultivos de trigo y leguminosas de 
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invierno, así como para la elaboración de mapas de tratamiento para el control localizado de 
las malas hierbas.  
De los trabajos desarrollados para alcanzar los objetivos específicos marcados en esta 
Tesis Doctoral se han podido obtener las siguientes conclusiones: 
1. La discriminación entre las malas hierbas crucíferas y los cultivos de trigo y habas fue 
posible mediante el análisis de las firmas espectrales tomadas con 
espectrorradiómetro de campo. Las tres técnicas evaluadas: análisis discriminante por 
el método de inclusión por pasos y los modelos de redes neuronales: Perceptrón 
Multicapa y Función de Base Radial, permitieron clasificar de forma satisfactoria tanto 
las firmas multiespectrales como las hiperespectrales de las malas hierbas crucíferas y 
de los cultivos. Los mejores resultados se obtuvieron con la red Perceptrón Multicapa, 
con valores de precisión por encima del 98,1%, y en algunos casos del 100%, 
permitiendo seleccionar en cada caso las longitudes de onda o índices de vegetación 
con mayor potencial para la discriminación de las malas hierbas crucíferas en imágenes 
remotas. 
2. La precisión obtenida en los análisis de las firmas espectrales utilizando los datos 
multiespectrales e índices de vegetación fue similar a la alcanzada con las firmas 
hiperespectrales, lo que demuestra el gran potencial de los sensores remotos 
multiespectrales, de menor coste y más fácil adquisición, frente a los sensores 
hiperespectrales, de mayor coste y más difícil disponibilidad. 
3. La mejor fecha para llevar a cabo la discriminación de malas hierbas crucíferas y los 
cultivos de invierno y por tanto, para la captura de las imágenes remotas, es cuando 
las firmas espectrales del cultivo y la mala hierba muestren sus máximas diferencias 
que, según se concluye de este estudio, corresponde con el estado de floración de las 
crucíferas (color amarillo intenso) y con el estado vegetativo del cultivo (color verde), 
que generalmente se observa entre finales de marzo y mediados de abril en las 
condiciones de clima mediterráneo de los campos estudiados en esta Tesis. Esta 
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ventana temporal es amplia y permite extrapolar estos resultados a otras zonas del 
área mediterránea con parecidas condiciones agronómicas y climáticas. 
4. La utilización de imágenes aéreas multiespectrales junto con técnicas de  
teledetección permitió clasificar de forma eficiente los rodales de malas hierbas 
crucíferas en trigo, habas y guisantes, y elaborar mapas de infestación de crucíferas en 
estado fenológico tardío en dichos cultivos de invierno. 
5. Los índices de vegetación Rojo/Azul y Azul/Verde, junto con el algoritmo de Máxima 
Probabilidad, fueron los métodos más precisos en las clasificaciones en los tres 
cultivos, y se utilizaron para elaborar los mapas de tratamiento localizado para el 
control de crucíferas en post-emergencia o para diseñar estrategias de control para 
campañas siguientes.  
6. El empleo de imágenes aéreas multiespectrales y técnicas de teledetección permitiría 
obtener una ahorro del 71,9 al 95,5 % en aquellas zonas que no requieren tratamiento 
y del 4,3 al 12 % para las zonas que necesitan tratamiento herbicida a dosis reducidas.  
7. Las imágenes multiespectrales de alta resolución espacial del satélite QuickBird 
permitieron la discriminación de los rodales de las malas hierbas crucíferas en trigo, 
tanto a nivel de parcela (en campos individuales) como a escala comarcal (en múltiples 
campos distribuidos por toda la imagen satélite).  
8. Los clasificadores más precisos fueron el índice Azul/Verde y el algoritmo de Máxima 
Probabilidad, tanto a escala parcela como a escala comarcal. En esta última, los 
resultados de las clasificaciones fueron ligeramente inferiores, atribuyéndose a la 
variabilidad espectral entre los diferentes campos de trigo analizados repartidos por 
toda la imagen.  
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9. La elaboración de mapas de tratamiento localizado con imágenes QuickBird permite 
extraer rápidamente información espacial de extensas superficies agrarias y diseñar 
diferentes estrategias de control de malas hierbas crucíferas permitiendo reducir la 
cantidad de herbicida aplicado en post-emergencia. La aplicación de mapas de 
tratamiento localizado en fase tardía del cultivo a escala comarcal permitiría un ahorro 
de herbicida del 61,31% para las zonas que no requieren tratamiento, y del 13,02% en 
aquéllas que necesitan tratamiento herbicida a dosis reducidas.  
10. Actualmente existe la tecnología necesaria para el control localizado de malas hierbas 
y está disponible para los agricultores. Sin embargo, su implementación está siendo 
lenta debido a las dificultades que presentan el uso de los sistemas de percepción y de 
las técnicas de clasificación, para monitorizar a gran escala las infestaciones presentes 
en los cultivos. Las imágenes de satélite de alta resolución espacial pueden solventar 
estas limitaciones y, por tanto, facilitar la adopción generalizada de estrategias de 
manejo localizado de malas hierbas que permitan reducir los costes de las medidas de 
control necesarias abarcando un elevado número de parcelas agrícolas.  
 
